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Chapter 1 

 

General introduction 

 
Human ability to synchronize  

 

When listening to a piece of music, most of us will start to move a foot, the head, or a 

finger at the same frequency as the main tempo of the music track. Likewise, two people 

walking side-by-side in the street will tend to synchronize their steps (Zivotofksy & 

Hausdorff, 2007). It appears that humans have a natural tendency to synchronize movements 

with external (exogenous) rhythms, even when not specifically instructed to do so (Issartel et 

al., 2006; Schmidt et al., 2011). This property has been considered specific to humans, but it 

seems that several animal species are also able to synchronize their movements with musical 

beats (e.g., Hattori et al., 2013; Patel et al., 2009). Synchronization with external rhythms, or 

more broadly speaking with the external environment1, can take many different forms. It can 

occur with only brief episodes of true synchronization, for example during unintentional cou-

pling, or with a quasi-constant specific phase relation with an external stimulus, for example 

during intentional coupling. The external environment can imply artificial stimuli, like music, 

metronomes and so on, or natural interactions with other people. The synchronization can be 

based on different feedback sources: auditory, visual, or haptic, or a combination thereof 

(Nessler & Gilliland, 2009).  

Despite these different properties, the relationship between human perceptual-motor 

behavior and a given external rhythm is usually captured by either of two measures: the rela-

tive phase between end-effectors, expressed in degrees (Kelso, 1981), or the asynchronies 

time series to the external rhythm, expressed in milliseconds (Repp, 2005). The stability of 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
1 Synchronization can also be based on internal (endogenous) rhythms. A well-known example is the locomotor-
respiratory coupling (Bernasconi & Kohl, 1993; Daffertshofer et al., 2004; Hoffmann et al., 2012) where one 
output (e.g., breathing frequency) maintains a specific relationship with the other (e.g., stride frequency) to im-
prove the performance. However in this thesis I will focus on synchronization with external environments.  
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coordination2, defined as the capacity to maintain a certain state when perturbed, was found to 

be associated with a small standard deviation (SD) of time series of these measures (Hary & 

Moore, 1987; Mates, 1994b). Interestingly, equivalent relative phase dynamics were observed 

during both inter-limb coordination within an individual and inter-limb coordination between 

individuals (Kelso, 1981; Schmidt et al., 1990). The latter finding suggested that identical 

dynamical properties might be involved in intra-limb synchronization with external rhythms 

(Kelso et al., 2013), based on neurosensory coupling, and in interpersonal synchronization, 

based on perceptual-motor coupling (Richardson et al., 2008).  

Movement synchronization with external cueing has several benefits. For example, 

coordinated inter-personal activities may reduce the energy expenditure in sports (Baudouin 

& Hawkins, 2002). It can also help performing tasks that are impossible to perform alone 

(Marsh et al., 2009), and it can facilitate social interaction (Sebanz et al., 2006). In the context 

of rehabilitation, patients with motor dysfunctions due to neurodegenerative diseases like Par-

kinson’s disease, can increase their stride length and walking speed by following the external 

rhythm of a periodic metronome (Thaut et al., 2001, 2007). However, the origin of the natural 

inclination of humans to synchronize their movements with an external rhythm remains un-

clear. It might involve the mirror neuron system within the brain (Decety & Grèzes, 1999; 

Sebanz & Knoblich, 2009), as it has been observed that particular brain areas are activated 

when two participants observe or realize a specific action. Still it remains unclear whether this 

activation is a cause or a consequence of joint action. Synchronization may originate in ‘in-

ternal clocks’ in the central nervous system (Ivry, 1996). This idea finds support in the much 

older Wing-Kristofferson model (1973), which partitions the variance of the tap intervals in a 

tapping task into a timekeeper variance and motor variance. Timekeeper variance was found 

to increase with longer tap intervals while motor variance was found to be constant. Ivry and 

Keele (1989) found that only the timekeeper variance was affected by certain pathologies 

(like cerebellar lesions), suggesting that an ‘internal clock’ is located somewhere in the brain. 

However it is noteworthy that this interpretation considers the human brain as a system abid-

ing physical laws, while it seems more appropriate that the human brain hosts ‘chemical 

clocks’. A brain is neither a watch nor a computer. As Kelty-Stephen rhetorically asked: “The 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
2 ‘Coordination’ or more accurately ‘inter-limb coordination’ is commonly used to describe a specific relation 
between elements (i.e. the coordination between lower limbs in walking). ‘Synchronization’ usually refers to the 
adjustment of rhythms of oscillating objects (Strogatz, 2003). In this thesis I will use both terms synonymously.	  	  
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brain is mostly water, fat, and sugar. So is a milkshake. […] How could a milkshake act like a 

computer?” 3  

In this thesis I will show that synchronization between human behavior and external 

rhythms can be assessed not only from an event-based, local point of view that only takes the 

mean and SD of relative phase mean into account. The aforementioned paradigms consider 

synchronization at the level of particular events from a ‘behavioral matching’ perspective at a 

single time scale. The resulting time series from, e.g., the HKB- or the Wing-Kristofferson 

model consist of a cyclic component with added (white) noise. As will be underscored below, 

biological systems are much more complex, and their fluctuations over time can be consid-

ered as reflecting multiple interactions between multiple subsystems acting at different time 

scales (Kello et al., 2007: van Orden et al., 2003). On such a ‘distributional matching’ per-

spective (Abney et al., 2013), synchronization is more adequately seen as a phenomenon oc-

curring at multiple time scales.  

This interaction-dominant dynamics perspective (van Orden et al., 2003) assumes that 

the dynamics of behavior is at least as important as the overall, final performance. In this the-

sis I analyzed the synchronization between time series dynamics with non-linear tools in order 

to assess such ‘distributional matching’ in situations of absolute coordination. Time series 

variability was analyzed within the mono-fractal framework (Annex 1, p.115). The subse-

quent sections demonstrate what kind of information the non-linear (fractal) analysis of time 

series can reveal and how the distributional matching between time series can be measured. 

 

Quantifying variability 

 

Biological systems, including humans, are characterized by the presence of variability 

in their objectively measured output, irrespective of the presence of measurement noise. In-

deed, only artificial systems can produce (fairly) periodic, non-variable forms of behavior. 

For example, a watch produces a constant time interval between second-hand movements. 

When this mechanical system is being perturbed, it cannot work properly anymore; its func-

tion ‘collapses’. Human behavior is not watch-like: if one tries to synchronize the tapping of a 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
3 https://sites.google.com/site/foovian/home 
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finger with a watch, the recorded time series of inter-tap intervals will always manifest a de-

gree of variability. This variability has long been assessed only in terms of the variance of the 

time series (or the standard deviation, i.e. root-mean square of the variance), while the vari-

ance was typically considered as fully random, i.e. as white noise. Small variance has been 

associated with stable behavior, while large variance may indicate unstable, disorganized be-

havior (Kelso, 1995). This works well in the immediate vicinity of behavioral switches, where 

so-called critical fluctuations are a hallmark of changes in stability. For example, in the 

aforementioned bimanual coordination paradigm, the relative phase presented low variance in 

the two stable patterns of coordination (in-phase and anti-phase), but increased when move-

ment frequency increased (Haken et al., 1985). This result was observed for different varia-

bles in different tasks, including the hip-ankle phase transition in posture (Bardy et al., 1999) 

and the walk-to-run transition in locomotion (Diedrich & Warren, 1995; Lamoth et al., 2009). 

Larger variance of the time series of the center of pressure (COP) in posture distinguished 

elderly adults from young adults (Diener et al., 1984), and larger variance of stride time series 

in walking distinguished elderly fallers from non-fallers (Hausdorff et al., 1997). These find-

ings suggest a close relationship between time series variability and behavioral stability. 

However, the variables assessing behavioral variability (mean relative phase and its SD) can-

not account for the more detailed temporal structure of the generating processes, i.e. how the 

observed events are organized in time.  

For a long time, only the variance of time series has been analyzed, based on the as-

sumption that events are randomly distributed over time. This assumption would be valid if 

any recorded event would indeed be independent from any other: in that case, there would be 

no correlation between events. However, when a biological process is recorded over time, the 

ordered time series can contain serial correlations that contain precious information about the 

process itself. Short-term correlations characterize the fact that only a few previous events 

influenced the current event. But many more previous events may also influence the current 

event, a property described in the literature as long-range correlations (also known as fractal 

fluctuations, pink noise, or 1/f-fluctuations). A very straightforward method to distinguish 

between these three types of serial correlations (short-range, long-range, and no correlations) 

is the auto-correlation function (or strictly speaking the auto-covariance function). This func-
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tion is obtained by computing the expectation value of the time series with its time-lagged 

copy4. For a stationary process 𝑋! this reads: 

𝑅 𝑘 = 𝔼[ !!!! !!!!!! ]
!!

      (I.1) 

where 𝜇 and 𝜎! are the mean and the variance of 𝑋!, respectively, and 𝔼 denotes expectation-

value operator. 

When the time series contain no correlations (typical of white noise process), the auto-

correlation function is close to zero for any given lag (Figure I.1, left). If the time series pre-

sent short-term correlations, the auto-correlation function is characterized by a fast decay after 

a few lags (Figure I.1, middle), revealing that the observation at time t is only influenced by 

immediately preceding values (typical of an autoregressive, or ARMA process). Real-life data 

however rarely exhibit these two ‘ideal’ types of auto-correlation function. Biological pro-

cesses are typically characterized by the presence of long-range (auto-)correlations. In that 

case, a current value is correlated with a large number of preceding values, thus resulting in 

an auto-correlation function presenting a very slow (power-law) decay over time (Figure I.1, 

right), so that the time series does not have a finite correlation time.  

 

Figure I.1. Time series (upper panel) and corresponding auto-correlation function (bottom panel) of 

white noise (left), an autoregressive (middle), and a biological process (right). Adapted from Delig-

nières & Marmelat, 2013.  

 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
4	  In this form the auto-correlation at lag k = 0 will be equal to 1. The analysis usually starts at lag 1.	  

White Noise AR (1) process Oscillation periods (s)
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The auto-correlation function reveals a valid measure only if the time series under 

study is stationary – for this reason it is often performed for 20 to 50 lags only. Real-life rec-

orded time series are hardly stationary, and the estimation of genuine long-range correlations 

requires more than 50 intervals (Eke et al., 2000). Annex 1 (‘Mono-fractal model’) provides a 

description of two non-linear analyses used to estimate long-range correlations5, namely the 

detrended fluctuation analysis (DFA) and the power spectral density (PSD). It is important to 

recall in this context that, in the frequency domain, long-range correlations are characterized 

by an power law between the spectral power (i.e. squared modulo of the Fourier transform) 

and the frequency, expressed as:  

𝑆 𝑓   ∝   1 𝑓!     (I.2) 

The β- (fractal) exponent corresponds to the slope of the log-log representation of the 

power spectrum. White noise is characterized by β = 0 (flat slope), while β = 1 (negative 

slope) corresponds to persistent correlations (large fluctuations are more likely to be followed 

by large fluctuations than in a white noise process, Wagenmakers et al., 2004), and β = –1 

corresponds to anti-persistent correlations. 

 

1/f-fluctuations in human behavior  

 

Human behavior in familiar (i.e. non-surprising, comfortable) situations may be con-

sidered very stable. More than a century ago, Stevens (1886) observed in a tapping task that 

participants were able to maintain a prescribed tempo, despite the presence of small fluctua-

tions in the inter-tap intervals. These fluctuations were considered as random perturbations 

from the average, i.e. a typical ‘homeostasis’ perspective. But as physiologic fluctuations re-

sult from internal control, their analysis may yield precious information about the underlying 

control processes. Only very recently Gilden et al. (1995) showed that fluctuations in finger-

tap intervals contain long-range correlations. Since then, the presence of long-range correla-
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
5	  These	  techniques	  do	  not	  directly	  yield	  statistical	  evidence	  for	  the	  effective	  presence	  of	  long-‐range	  corre-‐
lations.	  For	  example,	  DFA	  applied	  to	  a	  single	  ARMA	  time	  series	  will	  provide	  a	  scaling	  exponent,	  while	  the	  
time	   series	   does	   not	   contain	   any	   long-‐range	   correlations	   (Delignières	   &	   Marmelat,	   2013).	   The	   AR-‐
MA/ARFIMA	  modelling	   (Torre	   et	   al.,	   2007)	   can	   help	   to	   distinguish	   long-‐range	   correlations	   and	   short-‐
range	  correlations,	  but	   this	  method	  requires	  specific	  conditions	  before	   its	  application.	  This	   issue	  will	  be	  
developed	  further	  in	  Chapter	  6:	  Discussion.	  	  
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tions has been demonstrated in a variety of human motor behaviors, including stride time du-

rations in walking (Hausdorff et al., 1995) and running (Jordan et al., 2007), serial reaction 

times (Gilden, 1997), forearm oscillations (Delignières et al., 2004), and movement times 

between targets in a Fitts’ task (Wijnants et al. 2009).  

The presence of long-range correlations seems a hallmark of healthy populations and 

tends to decrease with aging and certain diseases (Hausdorff et al., 1997; Linkenkaer-Hansen 

et al., 2005; Lipsitz & Goldberger, 1992). Fractal analysis can have clinical utility in discrim-

inating between populations and predict mortality (Ho et al., 1997). For example, Goldberger 

et al. (2002) showed that the heartbeat intervals recorded in young and healthy subjects typi-

cally exhibit 1/f-fluctuations. In contrast, heartbeat series appeared more random in patients 

with cardiac arrhythmia, and conversely more periodic and predictable in patients with severe 

congestive heart failure. The same evolution of the fractal fluctuations was observed in walk-

ing: stride time series in elderly and Huntington’s patients had lower fractal exponents (to-

ward randomness) than young healthy individuals (Hausdorff et al., 1997) but with similar 

mean and variance. Interestingly, a negative correlation between the fractal exponent and the 

severity of Huntington’s disease was reported. These findings seriously challenge the ‘home-

ostasis point of view’, which suggests that any deviation from the average should be quickly 

corrected. Indeed, most physiological processes do abide by allometric rather than homeostat-

ic control (West, 2010), which takes long-range correlations into account.  

 

Potential physiological origins of long-range correlations 

The origin of long-range correlations in healthy populations and its deviations toward 

more disordered behavior (white noise or Brownian motion) or more predictable behavior 

(periodic or anti-persistent) within elderly and diseased populations remains an issue of de-

bate. The ubiquity of 1/f-fluctuations in many movement tasks has led some to assume that 

the central nervous system (CNS) is the locus of long-range correlations. This assumption has 

been supported by the decrease of long-range correlations in stride time series for populations 

affected by neurodegenerative disorders, such as Parkinson’s (Hausdorff, 2009) and Hunting-

ton’s disease (Hausdorff et al., 1997). However, the long-range correlations for patients with 

cerebellar ataxia (Wuehr et al., 2013) or peripheral neuropathy (Gates & Dingwell, 2007) 

were similar to those seen in healthy young individuals. Some authors have argued that the 
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basal ganglia, which are affected in Parkinson’s disease, could act as a ‘rhythm pacemaker’ 

and be the source of long-range correlations in movement time series (Grahn, 2009; 

Schwartze et al., 2011). Interestingly, it has recently been shown that the suprachiasmatic 

nucleus, a brain structure specifically involved in circadian regulation, exhibited long-range 

correlations in in vivo multi-unit neural activity (Hu et al., 2012). However, in vitro recording 

time series presented a breakdown of long-range correlations. This finding strongly suggests 

that interactions of the suprachiasmatic nucleus with other brain structures are responsible for 

1/f-fluctuations, but it seems very improbable that a single physiological structure would be 

responsible for the presence of long-range correlations in the large variety of human move-

ments. It seems more likely that long-range correlations arise as an emergent property from 

interactions between the subsystems composing complex biological systems.  

A system is (called) complex if its behavior results from multiple interactions between 

multiple subcomponents acting at multiple time scales (Haken, 1974; Kello et al., 2007; van 

Orden et al., 2003). Long-range correlations may then be seen as the output of such multiple 

time scales interactions, expressed in the variable of interest of a task. The term ‘complexity’ 

here refers to an optimal state characterized by the presence of 1/f-fluctuations, situated be-

tween strict order and complete disorder. According to this definition, too much predictable or 

too much unpredictable behavior cannot be defined as ‘complex’. Importantly, the complexity 

of a time series is independent of its variance. The decrease of fractal exponents of stride time 

series in elderly and patients is consistent with the idea of Lipsitz and Goldberger (1992) that 

physiologic complexity reduces with aging and disease. Accordingly, the loss of physiologi-

cal complexity may be manifest in the observed signal, thus leading to lower fractal expo-

nents. Recently, Stergiou and Decker (2011) proposed a theoretical model of optimal move-

ment variability (Figure I.2), with the same general idea that the optimal state is situated be-

tween randomness and periodicity.  

 

 



GENERAL	  INTRODUCTION	   15	  
	  

	  

 
Figure I.2. Representation of the Optimal Movement Variability framework. 

 

If feasible, it is of course important to improve the dynamical properties of a deficient 

system, and not only the average variables such as mean and SD. Fractal exponents could thus 

be considered as indexing the efficiency of rehabilitation protocols.  

 

Isochronous pacing of gait  

 

The human inclination to synchronize has been exploited in gait rehabilitation, in par-

ticular in Parkinson’s patients. Gait in this population is characterized among many other fea-

tures by bradykinesia, decreased walking speed, and shortened stride length (McIntosh et al., 

1997). Rhythmic auditory stimulation (RAS) has been reported to increase walking speed and 

stride length, to decrease stride time variance and to reduce bradykinesia (McIntosh et al., 

1997; Thaut et al., 2001). To address these findings one may hypothesize that the metronome 

acts like an external timekeeper that helps to stabilize the defective internal rhythm of the 

basal ganglia. The metronomes used in these studies were isochronous like the aforemen-

tioned watch, i.e. they were strictly periodic. To our knowledge, only a few studies on gait 
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rehabilitation have analyzed the stride time dynamic in RAS situations (Hausdorff, 2009). It 

appears that isochronous pacing had no effect on the fractal exponents of stride time series.  

Hausdorff et al. (1996) showed that RAS in walking decreased the fractal exponents of 

stride time series toward randomness in a healthy young population. According to the authors, 

the breakdown of long-range correlations suggest that they are mainly attributed to some su-

praspinal networks in free walking, and are ‘overcome’ by the external timekeeper in metro-

nome-paced walking. However, Delignières and Torre (2009) reported that long-range corre-

lations did not vanish in metronome-paced walking: stride time series exhibited anti-persistent 

fluctuations, and the series of asynchronies to the metronome exhibited long-range correla-

tions. Similar results were found for other paced movements such as tapping and rhythmic 

forearm oscillations (Torre & Delignières, 2008). Anti-persistence has been hypothesized to 

represent a hallmark of higher control of the variables directly relevant to achieve a specific 

task goal (Dingwell & Cusumano, 2010). Hence, stride time may be tightly regulated to 

match the mean frequency of the pacing metronome.  

It has been suggested that non-isochronous pacing could improve the dynamical prop-

erties of gait (Hove et al., 2011; Stergiou & Decker, 2011; Uchitomi et al., 2013). Parkin-

sons’s patients exhibited increased fractal exponents of stride-time series when they walked 

with an interactive walk-mate system (Hove et al., 2012), contrary to a fixed tempo rhythm or 

a 1/f-rhythm (Uchitomi et al., 2013). The fractal exponents in the walk-mate condition 

reached the values of healthy participants, and the effects remained after a 5-min retention test. 

However, these Parkinson’s patients were not instructed to synchronize with the auditory 

stimulations, and they did not do so in the fixed- or 1/f-rhythm. On the contrary, they syn-

chronized with the walk-mate system as it provides cues based on the participants’ previous 

stride intervals. It is thus difficult to decide whether the observed increase of the fractal expo-

nent in the walk-mate condition was due to the specific properties of the walk-mate system, or 

a consequence of accurate synchronization with an external stimulus.  

Despite many beneficial aspects for gait rehabilitation, RAS is not able to improve 

stride-time dynamic in Parkinson’s disease (Hausdorff, 2009), and it alters the stride-time 

dynamic in healthy young participants toward anti-persistence. On the other hand, interactive 

(variable) rhythmic stimulation was able to increase the fractal exponents of stride-time series 

in Parkinson’s patients. These observations led to the first set of questions to be addressed in 

this thesis:  
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• Can the fractal fluctuations of stride-time series be maintained when synchronizing 

one’s steps with a metronome?  

• What properties should such a metronome have to induce or even optimize synchroni-

zation?  

• What control processes are involved in such a synchronization task?  

 

Synchronization with non-isochronous environments 

 

Synchronization with isochronous metronomes does not reflect a natural situation. We 

live, act, and interact with and within complex environments characterized by fractal struc-

tures, which are neither random nor periodic. Indeed, many natural systems present a typical 

1/f-statistical structure. A non-exhaustive list of complex systems include the distribution of 

galaxies in space (Coleman & Pietronero, 1992), the distribution of earthquakes in time (Cor-

ral, 2005), the fluctuations of water levels in the Nile (Hurst, 1951), and the ordering of DNA 

sequences (Peng et al., 1994; Voss, 1992), but also human productions such as music and 

speech (Voss & Clarke, 1975), painting (Alvarez-Ramirez et al., 2008), and the segmentation 

of events in movies (Blau et al., 2013). The presence of 1/f-fluctuations in external environ-

ments may be trivial and we may simply not be aware of this statistical structure.  

Recent studies supported the opposite, i.e. that humans are sensitive to 1/f-fluctuations 

compared to other structures. Yu et al. (2005) demonstrated that sensory neurons encoded 

more efficiently input signals presenting 1/f-fluctuations compared to random fluctuations or 

Brownian motion. The authors stressed that the long-range correlations in natural signals may 

play a fundamental role in neural coding and transmission processes. It was also shown that 

humans prefer to listen to music with long-range correlations in the temporal deviations com-

pared to uncorrelated humanized music (Hennig et al., 2011). In a recent experiment, elderly 

were instructed to walk at their self-paced speed while listening to a stimulus that was either 

periodic, or presented random or chaotic fluctuations (Kaipust et al., 2013). Compared to a 

‘no-stimulus’ condition, fractal exponents of stride time series decreased in the random and 
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periodic conditions, but remained similar in the chaotic condition. Importantly, participants 

were not instructed to synchronize their behavior with the stimuli in this experiment.  

These examples already suggest a human sensitivity to fractal fluctuations, and fractal 

fluctuations seem preferred over random or periodic fluctuations. This might be linked to the 

complexity matching effect hypothesis (West et al., 2008), according to which there is a max-

imal efficiency of information transfer between two systems when both systems present the 

same complexity, i.e. the same fractal structure. Here ‘information’ is not restricted to the 

Wiener (1948) and Shannon (1948) definitions, but it might include, e.g., information ‘flow’.  

Humans are not only sensitive to the 1/f-structure in their environment, but also inter-

act with their environment. Several studies reported the ability of humans to anticipate chaotic 

oscillators (Stepp & Turvey, 2009). The presence of a negative asynchrony to the oscillator 

confirmed that participants did not react to the stimuli but anticipated the next occurrence. 

The traditional point of view assumed that the negative asynchronies reveal the capacity of 

the system to predict future events, based on the construction of an internal model of the envi-

ronment thanks to its regularities (Repp, 2013; Stepp & Turvey, 2009). The so-called phase 

correction process emphasizes a unique effect of short-term past events to future events, and 

has been referred to by Dubois (2003) as weak anticipation. Chaotic oscillators are by defini-

tion not regular, so it is unlikely that participants build an internal model based on environ-

mental regularities. Dubois (2003) contrasted weak anticipation with strong anticipation. 

Weak anticipation relies on the internal model-based prediction of future states, while strong 

anticipation is based on its potential futures states, without references to any model. Further 

description of the distinction between weak and strong anticipation is provided in the ‘Intro-

duction’ section of Chapter 2.  
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Figure I.3. Fractal exponent for each inter-tap interval series 
plotted against the fractal exponent for the corresponding 
chaotic signal. Adapted from Stephen et al. (2008).  

 

 

The strong anticipation hypothesis emphasizes the embedding of the organism in its 

environment (Stepp & Turvey, 2009). Stephen and Dixon (2011) distinguished between two 

forms of strong anticipation: a local form, based on appropriate coupling between the organ-

ism and the environment, and a global form, based on multi-fractal cascades. They suggested 

that when participants were instructed to synchronize with a chaotic metronome, the correla-

tion between the fractal exponents of inter-tap intervals and those of the inter-onset intervals 

(Figure I.3) revealed a global form of strong anticipation (Stephen et al., 2008; Stephen & 

Dixon, 2011). However, the authors reported that the number of taps exceeded the number of 

onsets, indicating that participants did not perfectly match the onsets but rather blended reac-

tion, synchronization and anticipation. The correlation between fractal exponents suggested 

distributional matching, but this could be partially caused by behavioral matching.  

The complexity matching effect represent an interesting hypothesis but it requires 

careful methodological procedures for testing. Synchronization was usually assessed from the 

behavioral matching perspective: mean and SD of relative phase indexed the accuracy of syn-

chronization from the single scale of events. But this perspective could be considered as an 

oversimplification when systems are acting (and inter-acting) at multiple time scales. Behav-

ioral matching can also lead to distributional matching, by which the correlation between the 

fractal exponents would be the simple consequence of local alignment of events, perhaps with 

some delay. This short-term matching becomes manifest in local cross-correlations between 

the time series. In this thesis, I will compare experimental situations of behavioral matching 

5276 D.G. Stephen et al. / Physica A 387 (2008) 5271–5278

Fig. 3. Fluctuation functions for chaotic signals and for participants’ responses plotted on double-log axes. The curves have been shifted by a constant
factor for the sake of clarity. The left panel shows fluctuation functions for chaotic signals; the right panel shows fluctuation functions for participants’
responses. In both panels, the top, middle, and bottom fluctuation functions show data from conditions ⇥ = 10, 5, and 2, respectively. In the left panel,
slopes (in the same order) are 0.96, 0.71, and 0.40. In the right panel, slopes (in the same order) are 0.81, 0.61, and 0.31.

Fig. 4. DFA slope � of participants’ responses in each ⇥ condition.

Fig. 5. DFA slope � for each inter-tap interval series plotted against DFA slope � for the corresponding chaotic signal.

The strong correlation between the � of inter-onset intervals and the � of inter-tap intervals could still reflect a trivial
case of entrainment. The proposed mix of reaction, proaction, and synchrony in participants’ response allows for a fourth
possible scenario that would produce a trivial correlation. That is, the mimicking of the long-range correlations of inter-
tap intervals with inter-onset intervals could have been the result of extremely close—if unexpected—entrainment to the
chaotic signal. Responses might lead, lag, or coincide by turn, all within a Gaussian distribution and without any long-range
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with different forms of non-isochronous stimulations. This methodological paradigm should 

help to determine if behavioral matching always leads to distributional matching, or if it is 

influenced by the nature of the stimulation (natural vs artificial) and by the coupling between 

participant and stimulation (uni-directional vs bi-directional). These observations lead to the 

second set of questions to be addressed in this thesis: 

 

• Does complexity matching occur during absolute coordination with 1/f-rhythms? 

• Does behavioral matching lead to distributional matching independent of the stimula-

tion properties?  

 

Outline of the thesis 

 

  
Figure 1.4. Flowchart of the thesis. 

 

To explore these issues, only experimental situations of absolute synchronization be-

tween participants and external rhythms will be considered. In particular, the complexity 
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matching will be explored through different forms of coupling (uni-directional vs bi-

directional) and different forms of stimulation (human vs metronome). In brief, in Chapter 2 

the complexity matching is addressed in interpersonal coordination with a bi-directional cou-

pling. In Chapter 3 and Chapter 4, I will focus on uni-directional coupling in walking paced 

by a metronome or by a human, respectively. Chapter 5 presents a model for the stride time 

dynamics observed in non-isochronous pacing conditions.  

Chapter 2 aims to test (i) if participants synchronizing at self-selected frequencies 

match the fractal exponents of the produced time series, (ii) if there is an effect of the cou-

pling strength on this matching, and (iii) to what extent the local cross-correlations influence 

the distributional matching. Participants oscillated a hand-held pendulum in-phase with each 

other while having peripheral vision, focal vision, or focal vision and tactile contact. The pro-

duced time series of oscillation periods were analyzed with the DFA, and I searched for short-

term correlations between time series by applying windowed cross-correlations.  

Chapter 3 is based on two complementary experiments. The study presented here aims 

to examine if proper synchronization with a non-isochronous metronome is possible, and 

what the properties of such a metronome should be. Moreover, I sought to determine if the 

complexity matching is related to the structure of fluctuations within the environment or if it 

occurs independently of this structure. To this end, participants walked while being paced by 

either an isochronous or a non-isochronous metronome. The first experiment aimed to deter-

mine the necessary amount of variability in the inter-onset fluctuations to observe a correla-

tion of fractal exponents of stride time series and onset time series. The second experiment 

then used the same coefficient of variation for metronomes with different structure of varia-

bility (anti-persistent, uncorrelated and persistent).  

In Chapter 4 the metronome is replaced by another participant in a ‘leader-follower’ 

configuration to test an alternative cueing method, namely human pacing. I assumed that the 

same results would be found as with metronome pacing, in particular a correlation between 

fractal exponents only if the leader produces long-range correlations. This should help (i) to 

determine if ‘human pacing’ can be seen as an alternative, more natural strategy for pacing 

gait, and (ii) to determine if the complexity matching is independent of the nature of the ex-

ternal rhythm.  
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Chapter 5 presents a modeling study of the stride time series observed in the second 

experiment of Chapter 3 in order to determine if synchronization with an isochronous and 

with a non-isochronous metronome are governed by the same underlying processes. Two 

modes of coupling are considered: continuous and discrete coupling. The super central pattern 

generator (SCPG), which accounted well for self-paced and isochronously paced conditions, 

was considered a candidate but another, discrete model based on synchronies between metro-

nome and performance turned out more appropriate for some conditions. 

Finally, Chapter 6 summarizes the main findings and conclusions with regard to the 

relations between behavioral matching and distributional matching for synchronization with 

external fractal rhythms. This epilogue also discusses the main limitations of the research pre-

sented in this thesis, as well as its potential for practical applications. This thesis is closed off 

with a discussion of future directions of research for disentangling the links between strong 

anticipation, complexity matching and synchronization.  



	  

	  

 

Chapter 2 

 

Strong anticipation: complexity matching in interpersonal 
coordination 

 
 
 
 
A subtle coordination occurs within complex systems, between multiple nested subsystems. 

This intra-system coordination can be detected by the presence of 1/f-fluctuations produced 

by the system. But coordination can occur also between systems. Interpersonal coordination 

has been studied from a local point of view until now, focusing on macroscopic interactions. 

But the recent concept of strong anticipation introduced by Dubois (LectNotes Comput Sci 

2684:110–132, 2003) suggests that interactions could occur on multiple levels between com-

plex systems. The hypothesis is that time series in interpersonal synchronization present a 

matching of the complexity index (fractal exponent). Moreover it is argued that this matching 

is not a consequence of short-term adaptations but reveals a global coordination between par-

ticipants. Eleven pairs of participants oscillated a hand-held pendulum in the in-phase pattern 

for 11 min, in three conditions where the coupling strength was manipulated by perceptual 

feedbacks. The results show a high correlation between fractal exponents irrespective of the 

coupling strength, and a very low percentage of local cross-correlations between time series 

appear at lag 0 and lag 1. These results suggest that interpersonal coordination, and more 

globally synchronization of participants with natural environments, is based on non-local time 

scales.  

 

 

Published as: 

Marmelat V, Delignières D (2012) 
Strong anticipation: complexity matching in interpersonal coordination 

Experimental Brain Research, 222, 137-148
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Introduction 

 

Coordination, complexity, and 1/f-scaling 

Coordination is often considered a macroscopic feature in complex movements. From 

this point of view, coordination is generally referred to as inter-limb coordination, for exam-

ple in locomotion (Diedrich & Warren, 1995) and in various tasks of bimanual coordination 

(Kelso, 1984), or as coordination between macroscopic subsystems, for example between 

perception and movement in reaching or avoidance behavior (Neggers & Bekkering, 2000). 

Coordination processes, however, are not restricted to such macroscopic (sub)systems. The 

activity of the brain has been described in terms of coordination between neural areas (Bress-

ler, 2002; Bressler & Kelso, 2001), and macroscopic, behavioral coordination is supported by 

corresponding coordination processes in neural activities (Kelso, 1995; Lagarde et al., 2006). 

Coordination actually occurs at multiple levels within the system, from the macroscopic level 

of effectors to the microscopic level of neurons, and coordination also occurs between these 

different levels. As such, the organism can be considered a complex system, composed of a 

set of interrelated and interdependent parts that cohere into a coordinated functional system, 

and the macroscopic behavior can be seen as the consequence of multiple processes of coor-

dination, which occur between multiple nested subsystems (Kello et al., 2007; van Orden et 

al., 2003). And because the different levels in the system act following different time scales 

(microscopic subsystems acting at high frequency being nested within more macroscopic sub-

systems acting at lower frequencies), such system is likely to present a multiple-scale dynam-

ics.  

During the last decade, a number of authors have suggested that the recurrent discov-

ery of long-range correlation in the series of outcomes produced by complex systems could be 

explained by this underlying multiple-scale dynamics (Goldberger et al., 2002; Holden et al., 

2009; Kello et al. 2007; van Orden et al., 2009). Long-range correlations are characterized by 

the presence of scaling laws, and especially in the frequency domain power S(f) appears as a 

power function of frequency: 

𝑆 𝑓   ∝   1 𝑓!
  (II.1) 
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where β is the scaling exponent. A linear regression slope typically reveals this scaling law in 

the bi-logarithmic representation of the power spectrum, with slope –β. Long-range correlated 

processes are characterized by β-exponents close to 1. This scaling law, in the frequency do-

main, motivated the use of alternative denominations, 1/f-fluctuations or 1/f-scaling, for des-

ignating long-range correlated processes (Eke et al., 2000; Madison, 2001; Wagenmakers et 

al., 2004). This organization in the power spectrum is consistent with the idea of high-

frequency components, or levels, nested within lower-frequency components. This scaling 

law has sometimes been interpreted as the additive combination of multiple, independent lev-

els within the system. Ward (2002) suggested for example that 1/f-fluctuations in human be-

havior could arise from the combination of unconscious, subconscious, and conscious pro-

cesses. Some authors have proposed that the aggregation of simple processes, acting at differ-

ent time scales, could under certain conditions mimic 1/f-behavior in the resulting time series 

(Granger & Joyeux, 1980; Hausdorff & Peng, 1996). However this kind of hypothesis cannot 

explain why this mixture of timescales should line up in a 1/f-scaling relation (Kello et al., 

2007).  

Another, more convincing hypothesis suggests that 1/f-scaling origins in the complex 

set of interactions between components and between levels within the system (Ihlen & Ver-

eijken, 2010; Kello et al., 2007; van Orden et al., 2003). According to Bak and Paczuski 

(1995), dynamical systems tend to organize themselves into critical states, characterized by 

meta-stability properties, and such systems are known to produce long-range correlations. The 

emergence of critical states is related to the presence of multiplicative interactions within the 

system (van Orden et al., 2003).  

This so-called interaction-dominant perspective provides an interesting way for theo-

rizing 1/f-fluctuations, because it allows to explain their ubiquity in natural systems, and also 

because it allows to understand the relationships that have been described between 1/f-

fluctuations, health, adaptability and flexibility. Meta-stability expresses a subtle balance be-

tween independence and dependence. On the one hand weak interactions between compo-

nents cannot support coordinated patterns of activity, and lead to erratic and unstable behav-

ior. On the other hand strong interactions yield stereotypical behavior that cannot adapt to 

changing conditions. In the first case systems tend to produce uncorrelated series of perfor-

mance, and the β-exponent of Eq. II.1 approaches 0. In the second case the series presents a 

high level of predictability, and the β-exponent grows towards 2. The subtle balance of meta-
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stability is achieved for β = 1. β = 1 corresponds to the ideal 1/f, or pink noise, and has been 

discovered in a number of healthy, young and adaptive systems (Gilden, 2001; Goldberger et 

al., 2002; Hausdorff et al., 1995; Peng et al., 1995). In contrast, aging and disease have been 

shown to alter the correlational properties of performance series, either toward randomness or 

toward order (Goldberger et al., 2002; Hausdorff et al., 1997). In that sense, 1/f-scaling in-

forms about the (organized) complexity of the system. 1/f-fluctuations correspond to a kind of 

optimal complexity, characterized by a rich network of moderate interactions within the sys-

tem. The system can deviate from this optimal complexity by two opposite ways: towards 

disorder and randomness (in that case the system looses complexity by loosing interactions), 

or towards order and predictability (in that case the system looses complexity by becoming 

simpler). In sum, complexity can be understood as the presence of coordination processes at 

all levels within the system, and is revealed by the fractal properties of the series of perfor-

mances produced by the system.  

 

Interpersonal coordination and complexity 

In the previous section we focused on coordination processes within a given system. 

But coordination can also occur between systems, for example in the case of interpersonal 

coordination, or when an individual has to act in coordination with the environment. Interper-

sonal coordination has been initially conceived at a macroscopic level. Especially Schmidt 

and collaborators, using laboratory interpersonal tasks, have demonstrated that when two 

people were asked to rhythmically coordinate their limbs, they showed behavioral phenomena 

identical to those found in bimanual interlimb coordination (Schmidt et al., 1990; Schmidt & 

Turvey, 1994). Inter-system coordination, however, can be conceived as including other lev-

els. Notably Dubois (2003) developed the concept of strong anticipation, which could allow 

adopting a new point of view about complexity and interpersonal coordination.  

Anticipation behavior has often been described, especially in synchronization experi-

ments, for example when participants have to synchronize finger taps with the beats emitted 

by a metronome: in such experiments a mean negative asynchrony has been consistently re-

ported, suggesting that participants do not react to auditory stimuli, but rather anticipate their 

occurrence (for a review, see Repp, 2005). Such anticipatory behavior can be underlain by the 

formation of an internal model that allows short-term predictions about the time of occurrence 
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of the next metronome signal. A number of representational models, based on phase correc-

tion (Vorberg & Wing, 1996) and/or period correction (Mates, 1994a; 1994b), have been pro-

posed for explaining synchronization in tapping tasks (Repp, 2005). This kind of local, short-

term anticipation, based on internal models and corrective processes, is referred to as weak 

anticipation (Dubois, 2003).  

Strong anticipation, in contrast, is supposed to occur without reference to any internal 

model (Stephen & Dixon, 2011; Stepp & Turvey, 2010). From this point of view, anticipation 

is based on the embedding of the organism within its environment: this embedding creates a 

new, organism-environment system, which possesses lawful regularities that allow the emer-

gence of anticipation.  

Stephen and Dixon (2011), however, noted that two divergent approaches to strong an-

ticipation have to be distinguished. The first one suggests that strong anticipation results from 

an appropriate coupling between the organism and its environment. For example, the syn-

chronization of the rhythmic oscillations of a limb with a periodic metronome has been suc-

cessfully accounted for by a model of coupled oscillators, including a parametric driving 

function (Jirsa et al., 2000; Torre et al., 2010). In these models, the role of the coupling term 

is to continuously minimize the difference between the state of the organism and the state of 

the external driver. Thanks to coupling, the organism does not react to stimuli, but rather an-

ticipates their occurrence. More sophisticated models in physics have showed that during the 

synchronization between a follower and a leader, the presence of time delays in the leader can 

yield the follower to synchronize with future states of the leader (Stepp & Turvey, 2010; 

Voss, 2000). These models of coupled oscillators suggest that anticipation could emerge from 

the macroscopic properties of the organism-environment system. This conception supposes 

that anticipation is based on local time scales (Stepp & Turvey, 2010). In this local approach 

to strong anticipation, the quality of anticipation is supposed to be closely related to the 

strength of coupling between the two systems (Stepp & Turvey, 2010).  

A second approach supposes that strong anticipation is based on a more global coordi-

nation between the organism and its environment. Stephen et al. (2008) analyzed synchroniza-

tion with a chaotic metronome in a tapping task. In that case, local predictions are difficult to 

conceive, because of the intrinsically unpredictable nature of the external pacing signal. Re-

sults showed that tapping behavior in this situation exhibited a mix of reaction, proaction, and 

synchrony to metronome signals. Importantly, the authors observed a close matching between 
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the fractal exponents of the chaotic signals and those of the corresponding inter-tap interval 

series. In this global form of strong anticipation, the organism is not adapted to the states of 

the environment but to their statistical structure. The presence of 1/f-scaling in the environ-

ment seems essential in this coordination process: the organism exploits the complexity of the 

environment, and especially the long-range correlated structure of its evolution over time, as a 

resource for a more adaptive and efficient behavior (Stephen et al., 2008; Stephen & Dixon, 

2011).  

The concept of weak/strong anticipation has been initially designed to account for the 

interactions of an organism with its environment. Anticipation has in this context been inves-

tigated as a strictly uni-directional coordination: the organism anticipates the evolution of the 

environment, in order to optimize a given outcome. Here we extend this initial scope to the 

coordination between two organisms, considered as two complex systems. In that case the 

two systems are supposed equivalent, and their coordination lies on a mutual and reciprocal 

adaptation. The concept of anticipation remains relevant in this situation, but should also be 

conceived as reciprocal.  

On the basis of the preceding discussion about anticipation, three types of interperson-

al coordination could be formally distinguished. The first one is based on the principles of 

weak anticipation, and the involvement of internal models. From this point of view, each par-

ticipant in the dyad builds a model of the behavior of its partner, in order to maintain syn-

chronization. Recent approaches to interpersonal coordination, based on the idea of a common 

coding of perception and action, have emphasized this kind of representational model (Kilner 

et al., 2003). This form of coordination is based on local, short-term and mutual adaptations 

between individuals, and the quality of coordination logically depends on the amount of in-

formation that can be shared between the partners.  

A second form of coordination results from interpersonal coupling, and corresponds to 

the local approach to strong anticipation. From this point of view, joint action is conceived as 

the emergent product of a system of coupled oscillators (Schmidt et al., 1990). This approach 

allowed to account for various empirical observations, such as the relative stabilities of dis-

tinct coordination modes, the transition between coordination modes following an increase of 

oscillation frequency, or the appearance of phase lags due to differences in eigenfrequencies 

between the two partners (Richardson et al., 2007; Schmidt et al., 1990; 2011; Schmidt & 

Turvey, 1994). As previously evoked, this approach supposes that joint action patterns at the 
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behavioral/social scale can be understood and modeled in terms of their own dynamics 

(Schmidt et al., 2011). Coupling involves essentially this macroscopic scale, and the strength 

of coupling determines the quality of coordination.   

Finally, interpersonal coordination could result from a reciprocal strong anticipation 

process, based on a global, multi-scale coordination between the two systems. As far as we 

know, this last hypothesis has never been tested in interpersonal coordination. However, if 

1/f-scaling represents an essential property for the emergence of a global form of strong antic-

ipation, interpersonal coordination, between two systems that are likely to naturally present 

1/f-properties, can be thought to favor such a global, multi-scale coordination process. The 

main prediction, in that case, should be the emergence of a close matching between the 1/f-

scaling properties of the two systems, during the coordinated activity (Stephen et al., 2008).  

Our main hypothesis, in the present paper, was that interpersonal coordination should 

be essentially based on global strong anticipation. We supposed that coordination processes 

should not be restricted to local or macroscopic levels, as suggested by weak anticipation or 

by the local form of strong anticipation. Both systems in the dyad being characterized by in-

teraction-dominant dynamics, their coordination should necessarily be based the emergence 

of multi-scale coordination. So our main aim was to distinguish between coordination pro-

cesses restricted to a local scale, and coordination processes involving multiple scales and 

levels within the systems.  

In the present experiment we analyzed intentional interpersonal coordination in a task 

where two participants were instructed to synchronize oscillatory movements. The task was 

performed under three coupling conditions (weak, normal, and strong), according to the rela-

tive availability of information about the movements performed by the other member of the 

dyad.  

On the basis on previous works on similar oscillation tasks (Delignières et al., 2004; 

Delignières et al., 2008), we expected to evidence a 1/f-temporal structure in the series of os-

cillation periods produced by each participant. We also expected to find a close matching be-

tween the correlation structures of the series produced by the two partners. However, evidenc-

ing the same 1/f-scaling in the series produced by the two participants of a dyad cannot per se 

provide evidence for a global form of strong anticipation (Stephen & Dixon, 2011). In all cas-

es (i.e. for weak anticipation, as well as for the local and global forms of strong anticipation), 
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a significant correlation is expected between the fractal exponents obtained from the two par-

ticipants in each dyad. In the case of weak anticipation, this correlation is expected because 

the periods produced by one member of the dyad tend to mimic that simultaneously produced 

by the other. In the case of local strong anticipation, coupling is also supposed to produce a 

close matching of simultaneous periods. Finally, one could suppose that for weak anticipation 

as well as for the local form of strong anticipation, the correlation between 1/f-scaling should 

be higher in strong coupling conditions, when rich information is available about the move-

ments produced by the partner.  

In the case of global strong anticipation, the correlation between exponents is likely to 

occur, revealing the global, multi-scale coordination between the two partners. However, in 

that case correlation is not the by-product of coordination on a local scale, but represents a 

prerequisite for coordination. As such we hypothesize that the strength of correlation between 

exponents should not be dependent on the strength of coupling between individuals, from the 

moment where coordination occurs.  

A second way for distinguishing between local and global and strong forms of coordi-

nation is to analyze synchronization, locally and on short time scales. This can be done by the 

computation of windowed cross-correlation functions, using a moving window of short 

length, between the series produced by the two partners. Clearly, one can hypothesize that 

both weak anticipation and the local form of strong anticipation should be revealed by signifi-

cant and systematic cross-correlations, especially at lag –1, lag 0, or lag 1. A significant lag 0 

cross-correlation would indicate a perfect synchrony between participants, and significant 

lag 1 or lag –1 cross-correlations would indicate that synchronization is based on a short-term 

correction process of the period produced by one participant with respect to that just previous-

ly produced by the other. In contrast, in the case of a global form of strong anticipation, syn-

chronization is supposed to not essentially focus on the short-term, but to result from a global, 

multi-scale coordination between the two partners. As such, short-term dependencies are not 

expected to appear in a systematic manner in the windowed cross-correlation functions.  
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Method 

 

Participants 

Twenty-two volunteers (16 men and 6 women, mean age 24.5 years ± 2.9) were in-

volved in the experiment, and were randomly paired into eleven dyads. Sixteen participants 

were right hand dominant and six left hand dominant. All participants reported having normal 

hearing and normal or corrected vision. They all were healthy and none had neuromuscular 

disorders or recent injury at the time of the study. The local ethics committee approved the 

experiment. 

 

Apparatus and equipment 

Participants were seated side-by-side between the two pendulums. Participant A held 

his/her pendulum with the right hand, and participant B with the left hand. In each dyad, par-

ticipants were randomly assigned to the A or B position, and kept this position during the 

whole experiment. Pendulums were oscillated in the sagittal plane. The distance between the 

two pendulums was 1.10 m, their length was 0.48m (from the bottom of the handle to the bot-

tom of the pendulum). A mass of 0.150 kg was fixed at the bottom of each pendulum. A po-

tentiometer located at the rotation axis of each pendulum allowed recording the angle position 

(margin of error: 0.5°). The angle variations were registered at a frequency of 50 Hz, and a 

peak detection method (described below) was used to obtain the series of oscillation periods, 

which were used for further analyses. Participants saw neither the experimenter nor the screen 

computer. 

 

Tasks and procedures  

Participants were instructed to firmly sustain the handle with the entire hand, and to 

manipulate the pendulum with the wrist joint, in an abduction-adduction movement. The fore-

arm was kept parallel to the floor, without any support. Participants were instructed to keep 
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silent in all conditions and between conditions, because oral communication could contribute 

to systems synchronization (Shockley et al., 2003).  

The experiment included two separate sessions, performed on a single day. During the 

first session each participant performed the task in isolation, in his/her assigned position (A or 

B). They were instructed to oscillate their pendulum at their preferred frequency (i.e. the fre-

quency they felt the most comfortable and they considered regularly sustainable for about 

5 min). In this condition participants were asked to fix a target located in front of them, at a 

distance of 3.15m, and to keep their free hand on their thigh. This condition is referred to as 

the ‘no coupling’ condition in the following sections. 

The second session was devoted to a set of coupled conditions, during which the par-

ticipants of each dyad were instructed to perform synchronized oscillations with the two pen-

dulums, following an in-phase pattern of coordination. They were instructed to oscillate at the 

preferred frequency of the dyad, as regularly as possible. This session was composed of three 

trials, assumed to represent three different levels of coupling between the two participants. 

Coupling strength was modulated through the relative availability of perceptual information 

between subjects, which is argued to be the basis of interpersonal coordination (Nessler & 

Gilliland, 2009; Schmidt & O’Brien, 1997; Shockley et al., 2003). In the ‘weak coupling’ 

condition audition was limited with earplugs and participants were instructed to visually fix a 

target in front of them on the wall, so that they could get information about their partner pen-

dulum oscillations only with peripheral vision. They were also instructed to keep their free 

hand on their thigh. In the ‘intermediate coupling’ condition, visual and auditory feedbacks 

were fully available, and participants were invited to visually fix their partner’s pendulum. 

They also kept in this condition their free hand on their thigh. In the ‘strong coupling’ condi-

tion, participants were instructed to cross their free arms (arm-in-arm), in order to add haptic 

information to visual and auditory feedbacks.  

The order of the three conditions was randomized between dyads in order to avoid any 

possible learning bias. Each condition lasted 12 min, the necessary duration to collect 512 

data points, which is considered the minimal to perform correct fractal analyses (Delignières 

et al., 2006). Because the task could be perceived as boring due to the duration of the trials, 

the experimenter recalled participants to keep concentrated and to maintain the required coor-

dination, after 3, 6 and 9 min. Participants were not allowed to communicate between condi-

tions in order to avoid a ‘leader-leader’ effect. 
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Data analysis 

Oscillatory movements of pendulums were registered with the Labview software and 

were then analyzed with the Matlab software to obtain periods time series. A bi-directional 

low-pass Butterworth filter (cut-off frequency 15 Hz) was applied to the collected series of 

oscillatory movements (Fig II.1, top). The successive peaks of the obtained waveform series 

(corresponding to maximal abduction) were then detected and their times recorded as time 

series. Periods (in ms) were computed as the differences between two successive maximal 

abduction times (Fig II.1, middle). Series of relative phase (RP, in degrees) between the two 

pendulums were computed as:  

𝑅𝑃 = 360× !!  –  !!
!"

    (II.2.) 

where PA corresponds to the maximal abduction of participant A, PB to the maximal abduc-

tion of participant B and TA to the corresponding oscillation period of participant A. An ex-

ample relative phase series is presented in Fig. II.1, bottom graph. Mean relative phase allows 

checking whether the requested coordination was effectively established between participants 

in all conditions (perfect in-phase synchronization corresponding to RP = 0°). Relative phase 

variability allows to assess the stability of coordination over a trial, and to test for the effec-

tiveness of the experimental manipulation of coupling strength (Kelso, 1995; Schmidt & 

O’Brien, 1997). In the present experiment, the increase of coupling strength, from the weak 

coupling to the strong coupling condition, was expected to result in a significant decrease of 

relative phase variability.  

Only the first 512 points of periods and relative phase series were preserved for further 

analyses. Means and standard deviations were calculated for each times series of periods and 

relative phase and averaged for each experimental condition.  
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Figure II.1. Representative time series of a dyad (#4) in the ‘strong coupling’ condition (solid line 
corresponds to participant A, and dashed line to participant B). Top: angle positions (1000 points, 20 
s). Middle: Individual series of oscillation periods collected over the whole trial (512 points). Data 
from participant B (dashed line) have been shifted by +150 ms for a better visualization. Bottom: Rela-
tive phase series over the whole trial (512 points).  
 
 

Fractal exponents  

We applied the detrended fluctuation analysis (DFA), in order to estimate the fractal 

exponent of the series of oscillation periods (Peng et al., 1993). We chose this method be-

cause it was proven to provide good estimates of fractal exponents on short series (Delig-

nières et al., 2006). DFA is based on the analysis of the relationship between the mean magni-

tude of fluctuations in the series and the length of the intervals over which these fluctuations 

are observed. The algorithm of DFA consists of integrating the series 𝑦 𝑖  by calculating for 

every time point i the cumulative sum of the deviations of the mean: 

𝑌 𝑘 = 𝑦 𝑖 − 𝑦!
!!!      for   𝑘 = 1, 2, 3,… ,𝑁  (II.3) 

where 𝑁 corresponds to series length. This integrated series is subsequently divided in non-

overlapping intervals of length 𝑛. In each interval, a least squares line is fit to the data (repre-

senting the trend in the interval). The 𝑌 𝑘  series is then locally detrended by subtracting to 
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all values the linear fit value 𝑌!"#$% 𝑘  given by a regression. For each interval length 𝑛, the 

characteristic magnitude of fluctuation 𝐹 𝑛  is calculated by: 

𝐹 𝑛 = !
!

𝑌 𝑘 − 𝑌!"#$% 𝑘 !!
!!!    (II.4) 

This computation is repeated for all the possible intervals lengths. 𝐹 𝑛  is linked to 𝑛 by a 

power-law:  

𝐹 𝑛   ∝   𝑛!      (II.5) 

where α is the scaling exponent. 𝛼 is estimated by the slope of the graph representing F(n) as 

a function of 𝑛, in log-log scales. 𝛼 is theoretically supposed to equal 0.5 for white noise and 

1 for 1/f-noise.  

 

Windowed cross-correlation analysis 

This analysis consists in computing cross-correlation between the n first points of the 

series of periods produced by the two members of a dyad. The window is then lagged by one 

point, and cross-correlation is computed again. This process is repeated over the whole series, 

yielding a series of N-n cross-correlation coefficients. This analysis allows for revealing local 

dependences between the two series of periods, and their evolution over time. In order to fo-

cus on short-range dependence, we worked on windows of very short length (𝑛 = 15). Moreo-

ver, in order to avoid detecting spurious cross-correlation due to the presence of drifts in the 

considered windows, data were detrended within each window before the computation of 

cross-correlation (Delignières & Torre, 2011; Lemoine & Delignières, 2009).  

Cross-correlation can be computed considering different lags between the series. We 

first consider lag 0, with the aim to evidence the presence of simultaneous events in the series 

(i.e. the presence of simultaneous long, or conversely short periods in the two series). The 

variables of interest were the percentages of positive, negative, and non-significant coeffi-

cients in the windowed cross-correlation series (the critical value being r13 = 0.5139).  

In a second step, we computed windowed – cross-correlation for lag 1 and lag –1. 

Lag 1 and lag –1 cross-correlations are likely to reveal short-range dependence between par-
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ticipants: a significant positive lag 1 cross-correlation between participants A and B suggests 

that B tends to mimic at time t the period produced by A at time t–1. Note that participants 

were arbitrarily assigned the first (A) of the second place (B) in the computation of cross-

correlation. As a consequence, lag 1 and lag –1 cross-correlations are invertible and were ag-

gregated before computing percentages. 

 

Statistical analyses 

In order to detect an effect of coupling strength on means, standard deviations, or 

cross-correlations, we applied one-way repeated measures ANOVAs. Scheffé post-hoc tests 

were conducted in order to localize significant effects. The degree of complexity matching 

was revealed by the Pearson’s coefficient of correlation between fractal exponents of series of 

periods within each dyad. The results were significant for p < 0.05.  

 

Results 

 

The means and mean standard deviations of period series and relative phase series are 

reported in Table II.1. There was a significant effect of coupling condition on mean period 

(F(3,84) = 23.49, p < 0.001). Mean period was significantly lower in the three coupling con-

ditions than in the no coupling condition (p < 0.001). Moreover, mean period was lower in 

the strong coupling than in the weak coupling condition (p = 0.048). There was also a signifi-

cant effect of coupling condition on the mean variability of period (F(3,84) = 4.07, p = 0.010). 

The Scheffé post-hoc test revealed that the standard deviation of periods was lower in the 

intermediate coupling condition than in the other conditions (p < 0.005).  

Mean relative phase was close to zero in all conditions, showing that participants ef-

fectively synchronized according to instructions, and there was no effect of coupling condi-

tions on mean relative phase (F(2,30) = 0.24, p = 0.79). As expected, there was a significant 

effect of coupling on the mean variability of relative phase (F(2,30) = 11.32, p < 0.001): 

standard deviation was higher in the weak coupling condition compared to the intermediate 
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and strong coupling conditions (p < 0.01), suggesting that the weak coupling was less stable 

than the intermediate and strong coupling conditions, which were equally stable.  

 

Table II.1. Averaged results of time series analysis (standard deviation in italics), 
according to experimental conditions: mean of series (periods and relative phase), mean 
of standard deviation of series (periods and relative phase), mean α-DFA-exponents 
(periods) and coefficients of correlation between the DFA-exponents of the series of 
periods of the two participants of each dyad.     

 _________________________________________________________________  

   Weak  Intermediate Strong 
  No coupling coupling coupling coupling 
 _________________________________________________________________  
Mean  

Relative phase (°) - -2.15 -1.67 -2.36 
  - 8.64 7.50 7.15 

Periods (ms) 1240.20 1150.00 1131.60 1099.20 
  140.80 141.60 137.40 104.80 

Standard deviation 
Relative phase (°) - 16.67 12.76 14.04 
  - 4.56 4.74 3.17 
Periods (ms) 47.20 45.40 37.60 40.20 
  20.40 11.20 7.20 12.20 

α-DFA  1.03 1.03 0.99 1.04 
  0.16 0.15 0.14 0.20 

Correlation/α-DFA 0.47 0.97* 0.97* 0.99* 
 _________________________________________________________________  
* p < 0.001 

 

DFA revealed α-exponents ranging from 0.66 to 1.33. Mean values for each coupling 

condition are reported in Table 1. α-exponents were not significantly different between the 

four conditions (F (3,84) = 0.41, p = 0.748). The correlation between the DFA-exponents of 

the two participants of each dyad was not significant in the non-coupling condition. In con-

trast, this correlation was close to one in all coupling conditions (Table II.1). We present in 

Fig. II.2 the graphical representation of these results for the no coupling and the strong cou-

pling conditions.  
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Figure II.2. Correlations between DFA-exponents (left: no coupling, r = 0.47, p = 0.146; right: 
strong coupling, r = 0.99, p < 0.001). 
	  

	  

Windowed cross-correlation analyses 

An example of windowed cross-correlation series is presented in Fig. II.3. This series 

represents the evolution over time of the local dependence between the two analyzed series. 

In the presented example, cross-correlation coefficients remained generally non-significant. 

However, some short epochs of significant dependence can be noticed, mostly positive, and 

more rarely negative.  

 

Figure II.3. Example of windowed cross-correlation series (lag +1, dyad #1, strong coupling condi-
tion). The dashed lines represent the positive and negative thresholds of significance ( ± 0.5139). 
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These results can be summarized in the form of histograms, representing the distribu-

tion of cross-correlation coefficients. We present such histograms in Fig. II.4. The two top 

panels represent the distribution of lag 0 cross-correlation coefficients, for all dyads, in the no 

coupling (left) and in the strong coupling (right) conditions. The bottom panels represent the 

distribution of the lag 1 and lag –1 cross-correlation coefficients. In all cases a large part of 

the distribution seems confined within the limits of significance. However, this graphical rep-

resentation suggests an increase of positive lag 1 and lag -1 dependence with coupling.  

Figure II.4. Distribution of cross-correlation coefficients (vertical dashed lines: significance 
threshold) for lag 0 (top) and lag ± 1 (bottom), for no coupling condition (left) and strong coupling 
condition (right).  
 

We report in Table II.2 the mean percentages of significant (positive and negative) lag 

0 cross-correlation coefficients, for the four coupling conditions. There was no effect of cou-

pling (F(3,40) = 2.29, p = 0.099), and the mean value remained moderate (9.20%), suggesting 

that in more than 90% of the analyzed windows, the two series appeared locally independent. 
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Table II.2. Mean percentages (SD in italics) of 15-point windows revealing significant 
(positive and negative) lag 0 cross-correlation, according to experimental conditions.  

 _________________________________________________________________  

  Weak  Intermediate Strong  
 No coupling  coupling coupling coupling 

 _________________________________________________________________  
Significant correlation 7.99 10.96 8.52 9.33 
at lag 0 (4.70) (0.94) (2.47) (5.85) 

 _________________________________________________________________  

 

Lag 1 and lag –1 analyses provided a slightly different picture. As previously ex-

plained lag 1 and lag –1 are interchangeable, and were conjointly analyzed. As can be seen in 

Table II.3, the percentage of windows where neither lag 1 nor lag –1 cross-correlation reached 

significance remained high, albeit slightly lower than the values observed for lag 0 cross-

correlations. The analysis of variance revealed an effect of coupling condition (F(3,40) = 4.15, 

p = 0.014), and the Scheffé test showed that this percentage was lower in the intermediate 

coupling condition, than in the three other conditions.  

The results confirm the increase of the percentage of positive correlation, as compared 

to lag 0 cross-correlation. There was a significant effect of coupling on the percentage of posi-

tive correlation at lag 1 or lag -1 (F(3,40) = 6.71, p = 0.001). The Scheffé test showed that this 

percentage was higher in the intermediate and strong coupling conditions, than in the no cou-

pling condition. Note that the simultaneous occurrence of significant cross-correlation at lag 1 

and at lag -1 remains infrequent.  

Finally one could note the occasional presence of negative cross-correlation. Coupling 

had an effect on this presence (F(3,40) = 8.40, p = 0.000), and the post-hoc test showed that 

this percentage was lower in the intermediate and strong coupling conditions, than in the no 

coupling condition. Note that negative lag 1 and lag -1 cross-correlations never occur simul-

taneously.  
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Table II.3. Mean percentages (SD in italics) of 15-point windows revealing significant 
(positive, negative) and non-significant lag 1 and lag -1 cross-correlation, according to 
experimental conditions. 

 __________________________________________________________________  

  Weak  Intermediate Strong  
 No coupling  coupling coupling coupling 

 __________________________________________________________________  
Positive correlation 0.24 0.16 0.84 0.37 

at lag 1 and lag –1 (0.25) (0.34) (1.47) (0.58) 
Positive correlation 8.83 16.22 28.16 22.75 

at lag 1 or lag –1 (3.09) (7.72) (14.57) (15.97) 
No correlation 83.61 77.04 67.57 71.94 
 (3.84) (7.45) (14.66) (15.67) 
Negative correlation 0.07 0.00 0.00 0.00 

at lag 1 and lag –1 (0.13) (0.00) (0.00) (0.00) 
Negative correlation 6.22 4.59 1.87 2.84 

at lag 1 or lag –1 (2.00) (3.68) (1.34) (2.22) 
 _________________________________________________________________  

 

 

Discussion  

 

The aim of the present experiment was to show that interpersonal coordination was 

based on a global form of strong anticipation, exploiting the 1/f-scaling properties of the two 

coordinated systems. The main result of this study is the very high correlation observed be-

tween the fractal exponents characterizing the series of periods produced by the two members 

of a dyad, from the moment where they act in coordination. This very high correlation sug-

gests a close matching of the scaling properties of the produced series. Importantly, this corre-

lation occurred in all coupling conditions, and was independent of the strength of coupling 

between participants. As previously explained, this matching of fractality and the independ-

ence between fractality matching and coupling strength clearly favors the hypothesis of a 

global form of strong anticipation.  

The application of windowed cross-correlations allowed to control for the influence of 

global trends and to check whether series were still correlated on local scales. Local cross-

correlations confirm that the matching of fractal exponents cannot be entirely explained by 
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short-term dependence between the series. The presence of significant lag 0 cross-correlation 

remained modest, and was not different to that observed by chance in the no coupling condi-

tion. The windowed analysis of lag 1 and lag –1 cross-correlation showed that coupling tend-

ed to induce an increase of the occurrence of positive cross-correlation, indicating that one 

participant of the dyad tended to adjust the period produced at time t, in order to mimic that 

produced at time t–1 by the other participant. However, this occurrence of short-term depend-

ent epochs, cannot per se explain the close matching of fractal exponents: considering the 

three coupling conditions, there was no significant cross-correlation in 72.2% of the analyzed 

windows. As a consequence, the matching of the structures of fluctuations cannot be reduced 

to local interactions but is likely to reveal a more global adaptation between the two systems. 

In other words, the multi-scale coordination that characterizes the global form of strong antic-

ipation does not essentially need accurate local cues for being achieved. A small amount of 

perceptual information appears sufficient to allow an effective matching of the statistical 

structures of the produced time series.  

Another result that merits discussion is the presence of 1/f-fluctuations in the time se-

ries of oscillation periods produced by each participant. Considering the results reported in a 

number of recent experiments on synchronized timing, evidencing persistent correlations in 

synchronized oscillations is far from trivial.  

Research on timing control has provided consistent evidence for the distinction be-

tween two modes of timing, namely event-based and emergent timing (Delignières et al., 

2004; Delignières & Torre, 2001; Robertson et al., 1999). Event-based timing is characterized 

by the involvement of a central timekeeper (Wing & Kristofferson, 1973). This mode of tim-

ing is exploited in tasks requiring discrete movements, such as finger tapping. Emergent tim-

ing, in contrast, exploits the dynamical properties of the effector, considered as a self-

sustained oscillator. Such oscillators present intrinsic stability properties, provided by non-

temporal parameters such as muscle stiffness, that allow for a sustained production of stable 

frequencies of oscillation. Emergent timing is elicited by tasks involving continuous, oscilla-

tory movements, such as circle drawing or forearm oscillations (Delignières et al., 2004; Rob-

ertson et al., 1999).  

In both cases, the series of time intervals produced in self-paced conditions present 

persistent long-range correlations close to 1/f-noise (Delignières et al., 2004). However, when 

participants have to synchronize with an external, regular metronome, the series of time inter-
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vals become anti-persistent (i.e. negatively correlated). This result has been evidenced for 

both modes of timing control (event-based timing: Torre & Delignieres, 2008; emergent tim-

ing: Torre et al., 2010).  

Despite this similarity in results, the processes involved in synchronization are differ-

ent in the two control modes. Event-based synchronization seems based on trial-to-trial cor-

rective processes: most models suppose that the current time interval is corrected on the basis 

on the previous asynchronies to the metronome (Pressing & Jolley-Rogers, 1997; Torre & 

Delignières, 2008; Vorberg & Wing, 1996). This kind of synchronization, based on internal 

representations, clearly refers to weak anticipation processes. In contrast, emergent synchro-

nization can be accounted for by a continuous coupling between the effector, considered as a 

self-sustained oscillator, and the metronome, modeled through a parametric driving function 

(Jirsa et al., 2000; Torre et al., 2011). This synchronization mode, excluding any formal repre-

sentation, clearly corresponds to a local form of strong anticipation. It is important to note 

here that these two models are not considered as concurrent. Even if these contrasted models 

(event-based timing and weak anticipation one the one hand, emergent timing and local strong 

anticipation on the other) are paradigmatic of two historically opposite approaches of motor 

control (i.e. the information-processing approach, and the dynamical systems approach, re-

spectively), they seem to account in the domain of timing control for clearly different experi-

mental situations (Delignières & Torre, 2011). 

Despite evident theoretical dissimilarities, both models present some lines of conver-

gence: (1) in both cases, synchronization is based on an adaptation of the state of the organ-

ism to the state of the environment, (2) in both cases, adaptation remains confined to a very 

macroscopic, behavioral scale, (3) both models account for the alteration of the correlation 

structure of time interval series, which are persistent in self-paced conditions and anti-

persistent in synchronized conditions, and (4) both models suppose that the quality of syn-

chronization depends on the amount of information that is shared between the organism and 

the environment.  

The present results and those reported by Stephen et al. (2008) showed that when par-

ticipants had to synchronize with a more complex environment, the series of performances 

remained long-range correlated. This shows that synchronization with a regular metronome 

and synchronization with a less predictable signal are based on completely different processes. 

The present results and those of Stephen et al. (2008) show that in that case synchronization is 
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characterized by a close matching of the 1/f-scaling properties of the two systems. They also 

show that synchronization remains poor, when observed at the local scale. It seems clear that 

synchronization with a complex and unpredictable signal cannot be understood as an adapta-

tion of the state of one system to the state of the other, but, rather, on a global adaptation of 

one system to the complexity of the other.  

It is interesting to note that in Stephen et al. (2008) experiment participants had diffi-

culties to match taps to signal onsets: the authors reported, for example, that the mean number 

of taps within a trial significantly exceeded the mean number of onsets. Synchronization was 

not so inconsistent in the present experiment: Even if local cross-correlations between series 

appear just marginally significant, participants were able to produce consistent in-phase pat-

terns. One could suppose that this divergence in results could be due to the continuous charac-

ter of the oscillatory movements imposed by the task, in contrast with the discrete nature of 

the tapping task used by Stephen et al. (2008). One could also consider that a human partner 

offers a more natural structure of variability than a formal chaotic signal, and thus allows a 

better synchronization. However, these two experiments show that humans are sensitive to the 

long-range correlation properties of their environment and exploit these properties, on the 

basis of global strong anticipation processes, for sustaining coordination. 

Our results also support the assumption of West et al. (2008) about the concept of 

complexity matching effect. West et al. (2008) analyzed the efficiency of the transfer of in-

formation between and within complex systems. They postulated that information exchange is 

maximal when systems share the same complexity, and especially 1/f-scaling. In interpersonal 

coordination tasks, a very efficient information transfer must support the process of coordina-

tion between systems: in this case the best way of exchanging information is to match com-

plexities. This interpretation implies that both systems modified their own dynamics in order 

to produce a stable pattern of coordination. One could argue that complex systems modify 

their internal functional organization (Kello et al., 2007) when they have to synchronize with 

another complex system.  
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Conclusion  

	  

Synchronization has been generally studied in laboratory experiments where partici-

pants had to adapt to quite simple, artificial and periodic signals. This kind of situation clearly 

elicits anticipation processes that work on local scales (i.e. weak anticipation or local form of 

strong anticipation), which cannot be considered a model for the processes involved in the 

coordination with complex, natural environments, or during interpersonal coordination. In 

that case, the complexity of the two systems involved in the coordination and especially their 

1/f-structure are likely to induce a global form of strong anticipation. This raises important 

questions regarding the conception of artificial or virtual devices, with which humans could 

be invited to interact. One could suppose that the global form of strong anticipation represents 

a ‘natural’ way of anticipation, which can be engaged only if the (artificial) environment pre-

sents a sufficient level of complexity, and especially 1/f-scaling.  
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INTERMEZZO 1 

 

Chapter 2 highlighted distributional matching between the time series produced in in-

terpersonal coordination. The absence of local cross-correlations between time series suggest-

ed a global form of strong anticipation, implying that the observed correlation between fractal 

exponents was not localized at a single time scale but mainly resulted from a global coordina-

tion at multiple time scales. These results support the argument that it is possible to accurately 

pace movements while still producing 1/f-fluctuations.  

As far as I know this study is the first to focus on fractal analyses in interpersonal co-

ordination. Non-linear analysis could expose essential features in interpersonal coordination. 

One important challenge in the study of interpersonal coordination is to find the basis for such 

synchronized activities. The complexity matching effect (West et al., 2008) suggests that, 

when both systems (i.e. participants) share the same level of complexity (i.e. fractal fluctua-

tions), the exchange of information is improved, resulting in accurate synchronization without 

any difficulties. This preliminary idea requires further analyses to be confirmed, especially in 

situations where participants are not instructed to synchronize but interact naturally. These 

perspectives are beyond the scope of this thesis, which is focused primarily on intended, abso-

lute synchronization.  

Chapter 2 led to a couple of new questions: (1) Is there any ‘sensitivity’ to the external 

rhythm participants synchronize with, or does complexity matching occur from the moment 

where the external rhythm presents 1/f-fluctuations? (2) Does complexity matching occur if 

the coupling is not bi-directional but becomes uni-directional, i.e. a ‘follower’ trailing a ‘lead-

er’?  

The next sections will seek answers to these questions. In Chapter 3, participants 

walked in synchrony with a non-isochronous metronome. If the complexity matching is 1/f-

dependent, a higher correlation between fractal exponents of stride time and metronome-onset 

time is expected if the latter presents 1/f-fluctuations. In Chapter 4, participants walked in a 

‘leader-follower’ configuration with one following the other.  
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Chapters 3 to 5 will focus on walking tasks. Several reasons supported this choice: de-

spite its inertia in movements (i.e. it take time to adapt) and the multi-causality of gait produc-

tion (from neural sources to biomechanical constraints), walking is a relatively natural action 

that healthy humans perform everyday. It is a fundamental task for autonomous living: as 

described in Chapter 1, aging and some pathologies change the gait pattern to a less adaptable 

state. The use of an isochronous metronome to pace gait in Parkinson’s disease has been 

shown to be a successful non-invasive treatment to improve gait parameters such as walking 

speed or stride length. But isochronous pacing also changes the stride time dynamics, from 

persistent fluctuations to anti-persistent fluctuations. Walking tasks thus come with two major 

benefits: I can seek for the properties of strong anticipation in a relatively automatic task, and 

I can look for new alternatives forms of pacing that preserve the 1/f-structure of naturally pro-

duced movements.  



	  

	  

 

Chapter 3 

 

Persistent fluctuations in stride intervals under fractal au-
ditory stimulation 

 

Stride sequences of healthy gait are characterized by persistent long-range correlations, which 

become anti-persistent in the presence of an isochronous metronome. The latter phenomenon 

is of particular interest because auditory cueing is generally considered to reduce stride varia-

bility and may hence be beneficial for stabilizing gait. Complex systems tend to match their 

correlation structure when synchronizing. In gait training, can one capitalize on this tendency 

by using a fractal metronome rather than an isochronous one? We examined whether auditory 

cues with fractal variations in inter-beat intervals yield similar fractal inter-stride interval var-

iability as isochronous auditory cueing in two complementary experiments. In Experiment 1, 

participants walked on a treadmill while being paced by either an isochronous or a fractal 

metronome with different variation strengths between beats in order to test whether partici-

pants managed to synchronize with a fractal metronome and to determine the necessary 

amount of variability for participants to switch from anti-persistent to persistent inter-stride 

intervals. Participants did synchronize with the metronome despite its fractal randomness. The 

corresponding coefficient of variation of inter-beat intervals was fixed in Experiment 2, in 

which participants walked on a treadmill while being paced by non-isochronous metronomes 

with different scaling exponents. As expected, inter-stride intervals showed persistent correla-

tions similar to self-paced walking only when cueing contained persistent correlations. Our 

results open up a new window to optimize rhythmic auditory cueing for gait stabilization by 

integrating fractal fluctuations in the inter-beat intervals. 

Published as: 

Marmelat V, Torre K, Beek PJ, Daffertshofer A (2014)  
Persistent fluctuations in stride intervals under fractal auditory stimulation  

PLoS ONE, 9(3), e91949
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Introduction 

 

The assessment of mean and standard deviation alone often does not suffice to dis-

criminate between optimal and constrained behavior or between healthy and pathological per-

formances (Hausdorff et al., 2000; Hausdorff et al., 1997; Vaillancourt & Newell, 2002). The 

temporal structure of fluctuations, here synonym for the serial-lag correlation of consecutive 

events, may contain valuable information about the functional organization of the system 

generating these events (Madison, 2001; van Orden et al., 2003; Werner, 2010). The presence 

of long-range correlations or 1/f-noise, be it in cortical activity, EMG activity, or macroscopic 

gait dynamics, is considered a generic marker for systems that can adequately adapt to pertur-

bations in their environment (Barnes et al., 2009; Goldberger, 2006; Hausdorff, 2007; van 

Orden et al., 2003). Many clinical studies revealed dependencies of the correlation structure 

of gait to different pathologies like amyotrophic lateral sclerosis (Hausdorff et al., 2000), 

Huntington’s disease (Hausdorff et al., 2000; Hausdorff et al., 1997), and Parkinson’s disease 

(Hausdorff, 2007; Hausdorff et al., 2000). 

External cueing may alter the temporal correlation structure of gait. Isochronous audi-

tory cues are particularly known for changing the typical fractal dynamics of healthy gait 

(Hausdorff et al, 1996; Terrier & Dériaz, 2012). Persistent (positive) long-range correlations 

in stride intervals of self-paced gait may switch to anti-persistent (negative) correlations if an 

isochronous metronome is present (Delignières & Torre, 2009). This qualitative change of 

gait dynamics may be indicative of ‘local’ (i.e. short-term) coupling processes, allowing for 

cycle-by-cycle entrainment of the movements with the metronome. Isochronous pacing thus 

constrains the locomotor system to (a narrow band around) the isolated metronome frequency, 

which is contrary to self-paced walking where the locomotion covers a broad range of fre-

quencies with a power-law distribution (Delignières & Torre, 2009; Hausdorff, 2007; 

Hausdorff et al., 1995). In spite of this constraining feature, the beneficial capacity of isoch-

ronous auditory cueing for gait rehabilitation in the presence of neurodegenerative diseases 

has been demonstrated in several studies. For instance, stride length, cadence, and speed all 

increase (McIntosh et al., 1997), whereas inter-stride variability and occurrence of freezing 

decrease (see, e.g., Hausdorff et al., 1997, and for a systematic review, Lim et al., 2005). 

Could this beneficial capacity be amplified if cueing contains variability similar to that of 
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healthy gait? And does the presence of fractality in the cueing streams prepare walkers to 

cope with potential future irregularities in the natural environment? 

Introducing variability and fractality in cueing streams is not new. Kaipust et al. 

(2012) submitted that isochronous cueing might not be optimal for gait rehabilitation. They 

showed that participants were sensitive to the correlation structure of cueing fluctuations. 

However, their participants were not instructed to synchronize their gait to the metronome. It 

might be that subjects just ignored the metronome and fell back to their own, fractal gait 

structure, which would question the effect of fractal cueing. Hove et al. (2012) showed that 

the correlation structure of stride times in patients suffering from Parkinson’s disease changed 

towards that of healthy gait when using an interactive rhythmic auditory stimulation, i.e. when 

stimulus timing changed in response to the participant’s instant tempo. However, why this 

adjustment occurred remains unclear. Was it because the patients synchronized to the stimu-

lus or vice versa? 

We investigated the effect of fractal cueing when subjects were explicitly asked to 

synchronize with the metronome. We hypothesized that, unlike isochronous pacing, persistent 

long-range correlated auditory cueing preserves the fractal dynamics of stride intervals in 

healthy subjects. To test this hypothesis, we conducted two complementary experiments in 

which we measured inter-stride intervals (ISIs). In Experiment 1 participants walked when 

paced by either isochronous or fractal cues with different inter-beat interval (IBIs) coefficients 

of variation to determine the ‘optimal’ amount of variation in the cueing. In Experiment 2 

participants walked when paced by either isochronous or non-isochronous cues with different 

scaling exponents characterizing the IBIs’s correlation structure. We expected that subjects 

would synchronize with any metronome but we expected stride intervals to present persistent, 

long-range correlations only when cues resemble the fractal fluctuations present in voluntary, 

self-paced walking.  

 

Assessing the correlation structure 

Central to our data analysis are estimates of the scaling behavior of serial-lag correla-

tions that we briefly summarize before outlining our experimental approach. We employed 

the detrended fluctuations analysis (DFA) (Peng et al., 1993), which was deemed suitable 

here in view of its applicability to relatively short time series (Delignières et al., 2006). DFA 
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assesses the relationship between the magnitude of fluctuations of the variable and the dura-

tion over which these fluctuations are observed. If the correlation structure is scale free (frac-

tal), then this relationship should obey the form: 

𝐹 𝑛 ∝ 𝑛!    (III.1) 

where F denotes the fluctuation strength and n is a time interval that provides a measure of 

the aforementioned duration. The scaling exponent α is of essential interest: a fully random 

series (white noise) corresponds to α = 0.5; time series containing anti-persistent correlations 

have α < 0.5, and persistent correlations imply α > 0.5. The exponent α should be bounded to 

the interval [0,1] because otherwise the time series under study is non-stationary rendering 

subsequent, conventional statistics invalid. We also note that α is closely related to the Hurst 

exponent that is often used to characterize fractal stochastic processes – α equals the Hurst 

exponent if the to-be-analyzed time series has been generated by stationary series, i.e. fractal 

Gaussian noise. 

 

Detrended fluctuation analysis 

To obtain the scaling exponent α one first integrates the mean-centered time series un-

der study, which reads for the discrete time series 𝑌: 

𝑌 𝑘 = 𝑦 𝑖 − 𝑦!
!!!     (III.2) 

for 𝑘 = 2,… ,𝑁 where 𝑁 corresponds to the number of samples in the series. Then, the inte-

grated time series is divided into non-overlapping intervals of n data points (here 

10 < n < N/2). Within every interval the time series 𝑌 𝑘 ,… ,𝑌 𝑘 + 𝑛  is fitted by a line 

𝑌!"#$% 𝑘,𝑛 , which can be interpreted as a linear, local trend. That trend is subsequently re-

moved yielding per interval of length n, the mean characteristic magnitude of fluctuation 

𝐹 𝑛  as: 

𝐹 𝑛 = !
!

𝑌 𝑘 − 𝑌!"#$% 𝑘,𝑛!
!!!

!  (III.3) 

As 𝑙𝑜𝑔 𝑛𝛼 =   𝛼 ∙ 𝑙𝑜𝑔 𝑛 , the scaling exponent α can be estimated by a slope of the diffu-

sion plot, i.e. the log-log plot of 𝐹 as a function of 𝑛 (Figure III.1, left panel) – we note that 
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when determining α on that logarithmic scale, 𝑛 should be sampled exponentially in order to 

avoid a bias in the fit towards larger n-values (Figure III.1, right panel).  

 

 

 

Figure III.1. Left panel: Representative example of the average diffusion plots in log-log scales, 
obtained by performing DFA on inter-stride interval series (condition CV 1%). The average plots 
are computed by point-by-point averaging over the twelve participants performing under the same 
experimental condition. Right panel: Corresponding plot obtained with the 11-point averaging method. 
Solid line corresponds to the slope for the 11 points (α), the dashed lines correspond to the slope of the 
short-term (αshort-term) and long-term (αlong-term) regions of the diffusion plot. 

 

Short-term and long-term correlations 

We expected what may be referred to as ‘complexity matching’: when two complex 

systems interact, they are likely to entrain (Marmelat & Delignières, 2012; Stephen & Dixon, 

2011; Stephen et al., 2008). That is, we expected a strong correlation between fractal expo-

nents of ISIs and IBIs. Because complexity matching is more likely to be manifest on long-

term scales (Delignières & Marmelat, 2013), we also examined the short- and long-term re-

gions of the diffusion plots, in addition to the overall scaling exponent α (Figure III.1, right 

panel). While the precise separation of short- and long-term regions might be somewhat arbi-

trary, one may state as a rule of thumb that short-term fluctuations account for local (brief) 

adaptations, whereas long-term fluctuations reveal more global (durable) changes, possibly in 

coordination. To guarantee proper sample sizes for reliable exponent estimates, we defined 
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αshort-term as the slope of the first half of the diffusion plot and αlong-term as the slope of the se-

cond half. More precisely, αshort-term and αlong-term included F(n)-values over the intervals n = 10 

… 31 and n = 50 … 128, respectively, for time series with 256 data-points. Note that αshort-term 

does not refer to short-term gait events, e.g., one or two strides, but to the length of the time 

series under study.  

 

Experiment 1 – Determining the optimal coefficient of variation 

 

We used an isochronous and a set of fractal auditory pacing signals that differed in 

fluctuation strength (the coefficients of variation of the inter-beat interval were 0.5%, 1%, 

1.5%, and 2%, respectively) to determine the conditions in which subjects gait was influenced 

by the presence of fractal cues, here synonym of cues with persistent, long-range correlations. 

 

Methods 

 

Participants 

After giving written informed consent, twelve healthy volunteers (seven female, 

age = 28 ± 6 years) participated in the experiment.  

 

Ethics 

The ethics committee of the Faculty of Human Movement Sciences, VU University 

Amsterdam, approved the experiment prior to its conductance.  

 

Apparatus and equipment 
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Participants walked on a treadmill in which a single large force platform was embed-

ded (ForceLink, Culemborg, The Netherlands), allowing for online detection of foot contact 

(Roerdink et al., 2008). Computer-generated rhythmic auditory stimuli (pitch 600 Hz) were 

administered through earphones (right ear), to pace the right heel strikes. IBIs were generated 

containing fractal Gaussian noise with corresponding scaling exponent (Hurst exponent H). 

Short audio samples of metronomes are available in Supplementary Audio S1, and the Sup-

plementary Table S2 provides mean and standard deviations of IBIs series.  

 

Tasks and procedure  

We first determined the individual preferred walking speeds. The treadmill speed was 

increased every 10s in steps of 0.1 km/h. When participants indicated that they reached their 

most comfortable speed (defined as ‘a speed at which you may continue walking for an hour’), 

the treadmill’s speed was further increased until participants indicated that the speed was too 

high. Then the speed was decreased until participants again indicated they reached their most 

comfortable speed again. The individual preferred walking speed was defined as the mean 

between the two speeds indicated by the participant, and used for all subsequent experimental 

conditions.  

The experiment involved six walking conditions: self-paced walking (SP): participants 

walked at their previously determined preferred speed, without auditory stimuli (but wearing 

the earphones in order to create standardized conditions); isochronous metronome pacing with 

equidistant IBIs; and four fractal metronome pacing conditions with the scaling exponent of 

IBI series set at H = 0.9 (corresponding to very persistent fluctuations), and the coefficients of 

variation chosen as CV 0.5%, CV 1%, CV 1.5%, and CV 2%. That range was chosen because 

the coefficient of variation of natural gait has been found to be lower than 3% (Hausdorff et 

al., 1995; Terrier & Dériaz, 2011; Terrier et al., 2005). Each participant received individual 

metronome sequences. All sequences were generated using a fractional Gaussian noise gener-

ator with H = 0.9, meaning that the α-value of that sequence converges towards 0.9 for large 

samples sizes. The short sequences that we employed in the experiment had thus α-values 

distributed around the mean H = 0.9. Not using a single metronome sequence allowed for 

correlating IBIs and ISIs fractal exponents. For all pacing conditions the mean IBI delivered 

by the metronome was equal to the mean ISIs of each participant in the SP condition. Metro-
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nomes and recordings started at the same time, a few seconds after the treadmill was switched 

on and participants were walking. Each condition lasted six minutes yielding a sufficiently 

large number of strides (at least 256) to apply DFA after removing the first ten stride intervals 

to avoid transients (Delignières et al., 2006).  

Participants were explicitly instructed to synchronize the right heel strikes with the 

beats of the metronome and to maintain this synchronization as accurately as possible while 

keeping a natural and relaxed gait in case the metronome would present some variations. SP 

was the first condition for all participants; the order of the five pacing conditions was random-

ized. The same sampling frequency (300 Hz) was fixed for the generation of IBIs and force 

platform recording. 

 

Data processing  

Three main variables were analyzed: IBIs; ISIs, defined as the time intervals between 

two successive right heel strikes; and asynchronies to the metronome (ASYNs). These asyn-

chronies were defined as the time intervals between right heel strikes and corresponding met-

ronome beat onsets, so that negative asynchronies indicate anticipated heel strikes. The final 

256 points of IBIs and ISIs were submitted to the subsequent DFA (time series available in 

Supplementary Data S1). That is, next to the means and standard deviations of the collected 

time series our primary outcome measures were the α-, αshort-term-, and αlong-term-exponents, as 

explained above. 

 

Statistics 

To examine the ISIs correlation structure as a function of metronome conditions, we 

applied a 1×6 repeated measures ANOVA to α-exponents. Tukey’s HSD was used for post-

hoc analysis, and results were considered statistically different for p < 0.05. To further assess 

the nature of adaptive processes occurring in fractal-pacing conditions, we tested for an indi-

vidual matching of ISIs correlations to IBIs correlations using a linear correlation analysis 

between αshort-term- and αlong-term-exponents of IBIs and ISIs.  
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Results 

 

ANOVA revealed no significant differences in mean ISIs (F(5, 66) = 1.99, p = 0.09), 

implying that the walking speed was largely constant across conditions. Also mean ASYNs 

did not differ significantly over conditions (F(4, 55) = 0.88, p = 0.48). Mean values ranged 

from about –50 ms to about –40 ms (Supplementary Table S1), that is, participants slightly 

anticipated the metronome as has often been observed in sensorimotor synchronization (Repp, 

2005). This suggests that in all conditions participants were able to adapt to the cueing.  

 

Table III.1. Mean fractal exponents (αDFA) and standard deviation (italics) of inter-beat intervals and 
inter-stride intervals estimated from all conditions in Experiment 1.	  

Experiment 1 ISO CV 0.5% CV 1% CV 1.5% CV 2% SP 
Inter-beat intervals (IBI) - 0.94 1.00 0.99 0.97 - 

 - 0.11 0.10 0.11 0.10 - 

Inter-stride intervals (ISI) 0.28a 0.60a 0.78 0.85 0.85 0.73 
  0.14 0.13 0.10 0.10 0.14 0.12 

ap < 0.05 when compared to SP condition 
     

Mean α-exponents obtained in IBIs and ISIs series are summarized in Table III.1. For 

the ISIs series the ANOVA revealed a significant effect of pacing conditions on the global  α-

exponents (F(5, 66) = 36.34, p < 0.001; Figure III.2, left panel). Tukey’s HSD analysis indi-

cated that α differed between SP and ISO conditions (p < 0.001) with persistent long-range 

correlations for SP but anti-persistent correlations for ISO (mean α = 0.75 ± 0.12 and 

α = 0.23 ± 0.13, respectively). ISO was also significantly different from all of the fractal-

pacing conditions (CV 0.5% to CV 2% all p < 0.001). The mean α-exponent in the CV 0.5% 

condition (mean α = 0.59 ± 0.17) was close to white noise, and significantly smaller than 

those of all other fractal-pacing conditions (CV 1%, p = 0.004; CV 1.5%, p < 0.001; and 

CV 2%, p < 0.001).  

In-depth analysis revealed however, that the mean α-exponent obtained for CV 0.5% 

did not correspond to any of the individual series’ exponents. In fact the group showed a bi-

modal distribution: eight participants switched from anti-persistent to persistent long-range 
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correlations at CV 0.5%, whereas the remaining four participants switched at CV 1%. To ad-

dress this bimodality we performed an additional 2(subgroups) × 6(pacing) ANOVA with 

repeated measures and found a significant effect of interaction between subgroups and pacing 

conditions (F(5, 55) = 2.56, p = 0.038; see Figure III.2, right panel). Tukey’s HSD analysis 

showed that in CV 0.5% the first subgroup produced long-range correlations in CV 0.5% 

(mean α = 0.69 ± 0.11), which were qualitatively different from ISO (p < 0.001) but not from 

other pacing conditions. The second subgroup produced anti-persistent ISIs (mean 

α = 0.40 ± 0.02) that were qualitatively similar to correlations obtained in ISO pacing 

(p = 0.426). Post-hoc analysis confirmed that the two subgroups differed only in CV 0.5% 

condition (p = 0.031).  

The results of the linear correlation analysis on αshort-term- and αlong-term-exponents of 

IBIs and ISIs series are depicted in Figure III.3. We found no significant correlation between 

αshort-term-exponents for all fractal-pacing conditions (Figure III.3, upper panel), while αlong-

term-exponents were positively correlated for all fractal-pacing conditions (r10ranging from 

0.76 to 0.98, Figure III.3, lower panel). This suggests that the complexity matching observed 

cannot be the consequence of the aggregation of short-term corrections.  

 

 

 

Figure III.2. Mean α-exponent (DFA) of inter-beat intervals (white triangles) and inter-stride 
intervals (squares) in Experiment 1. (*: p < 0.05; N.S.: non-significant differences; error bars: 
standard deviation). Left panel: The evolution of α for all participants taken together (n = 12) could be 
interpreted as a progressive increase with increasing CV. Right panel: Qualitatively different changes 
in α exhibited by two subgroups: group 1 (black squares, n = 8) shows an abrupt switch from anti-
persistent to persistent long-range correlations at CV 0.5%, while group 2 (white squares, n = 4) 
switches at CV 1%. 
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Figure III.3. Correlation between α-exponents (DFA) of inter-beat intervals and inter-stride 
intervals obtained in the four conditions with fractal metronome in Experiment 1. Upper panel: 
short-term region of diffusion plots. Lower panel: long-term region of diffusion plots. Significance 
threshold (*) for correlation coefficients is set at p < 0.05 (r10 = 0.58). For the CV 0.5% condition, 
subpanels separately show the correlations for the two subgroups of participants (n = 4, upper subpan-
el, and n = 8, lower subpanel). 

 

 

 

Experiment 2 –Varying the metronome correlation 

 

Our next step in investigating participants’ ability to synchronize to fractal versus 

isochronous cueing was to compare different IBIs correlation structures for a fixed coefficient 

of variation. We expected that the fractal structure of ISIs would only be preserved for fractal-

pacing conditions that agree with the correlation structure of self-paced walking. We therefore 

used metronomes with different IBI structures: anti-persistent, uncorrelated, and persistent.  

 

Methods 
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Participants 

Twelve volunteers (five female, age 28 ± 6 years) participated in the experiment after 

providing informed written consent. As in Experiment 1, all participants were healthy and 

none had any neuromuscular disorder or recent injury at the time of study. One participant of 

Experiment 2 also took part in Experiment 1. 

 

Ethics 

The ethics committee of the Faculty of Human Movement Sciences, VU University 

Amsterdam, The Netherlands, approved the experiment prior to its conductance.  

 

Apparatus and equipment 

The equipment was the same as in Experiment 1. 

 

Tasks and procedure  

The protocol was identical to Experiment 1 except for the use of different fractal cue-

ing sequences. The conditions were: SP (see Experiment 1); ISO (see Experiment 1); and four 

non-isochronous cueing sequences with distinct scaling exponents, H 0.2, H 0.5, H 0.6, and 

H 0.9. In the latter four conditions, the IBIs coefficient of variation was fixed to 1%. Isochro-

nous and non-isochronous conditions were sought to present the least differences. We thus 

chose the lowest CV in which we observed persistent fluctuations in ISIs for all participants in 

Experiment 1. 

 

Data processing 

Signal processing and estimates of IBIs, ISIs, and ASYNs agreed entirely with Exper-

iment 1. 
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Statistics 

We applied a 1×6 repeated measures ANOVA to all outcome measures. As in Exper-

iment 1, Tukey’s HSD was used for post-hoc analysis. Results were considered statistically 

different for p < 0.05. We also used a linear correlation analysis between α-, αshort-term-, and 

αlong-term-exponents of IBIs and ISIs.  

 

Results 

 

Mean α-exponents obtained in IBIs and ISIs series are given in Table III.2. For ISIs 

series, ANOVA revealed a significant effect of pacing conditions on α-exponents 

(F(5, 66) = 33.33, p < 0.001). Tukey’s HSD analysis showed that α differed between SP and 

ISO conditions (p < 0.001) with persistent long-range correlations for SP (mean 

α = 0.79 ± 0.09) and anti-persistent correlations for ISO (mean α = 0.25 ± 0.15). SP differed 

from the three non-fractal non-isochronous conditions (H 0.2, H 0.5, and H 0.6 all p < 0.001). 

The α-exponents in the H 0.9 condition differed from all other pacing conditions (ISO, 

p < 0.001; H 0.2, p < 0.001; H 0.5, p = 0.004; H 0.6, p = 0.004), but not from the SP condition 

(H 0.9, p = 0.099). 

 

Table III.2. Mean fractal exponents (αDFA) and standard deviation (italics) of inter-beat intervals and 
inter-stride intervals estimated from all conditions in Experiment 2.	  

Experiment 2 ISO H 0.2 H 0.5 H 0.6 H 0.9 SP 

Inter-beat intervals (IBI) - 0.23 0.52 0.57 0.91 - 

 - 0.04 0.03 0.08 0.15 - 

Inter-stride intervals (ISI) 0.25a 0.26a 0.44a 0.44a 0.64 0.79 
  0.15 0.11 0.13 0.09 0.17 0.09 

ap < 0.05 when compared to SP condition. 
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The results of linear correlation analysis on αshort-term and αlong-term-exponents of IBIs 

and ISIs series in the four non-isochronous conditions are shown in Figure III.4. The correla-

tion between αshort-term-exponents (Figure III.4, upper panel) was significant only for H 0.5 

(r10 = 0.61). The correlation between αlong-term-exponents (Figure III.4, lower panel) was sig-

nificant only for H 0.6 (r10 = 0.66) and H 0.9 (r10 = 0.90). This result suggests a sensitivity of 

ISIs for the long-range structure of fluctuations of IBIs only when persistent fluctuations were 

present.  

 

 

Figure III.4. Correlation between α-exponents (DFA) of inter-beat intervals and inter-stride 
intervals obtained in the four conditions with non-isochronous metronome in Experiment 2. 
Upper panel: short-term region of diffusion plots. Lower panel: long-term region of diffusion plots. 
Significance threshold (*) for correlation coefficients is set at p < 0.05 (r10 = 0.58).  

 

Experiments 1 & 2 – revisited 

In order to assess possible contributions of short-term behavioral correction to the 

matching of IBIs and ISIs long-term correlation properties, we further determined the cross-

correlation between IBIs and ISIs series. Since the conventional cross-correlation is highly 

sensitive to the presence of persistent trends in the time series, which would lead to a system-

atic overestimation of the local co-variations between IBIs and ISIs (Marmelat & Delignières, 

2012), we used a windowed cross-correlation analysis (WCC): the cross-correlation between 

the first windows of 15 samples of IBIs and ISIs series was determined after locally detrend-

ing each series. These windows were shifted sample-by-sample yielding a series of   N-15 

cross-correlation coefficients at lag 0 (with N = length of the time series). The same procedure 
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was repeated by considering different lags between IBIs and ISIs series, from lag   -10 to lag 

10 samples. We note that a significant cross-correlation coefficient at lag 0 would evidence 

that current ISI and IBI have similar lengths. The threshold of significance for 15-point win-

dowed cross-correlation was given as r13 = 0.51 (p < 0.05).  

WCC revealed no significant correlation between IBIs and ISIs series in Experiment 1 

(Figure III.5). Overall, correlations increased with increasing variability (CV) in fractal IBIs 

with a maximum at lag 2. In Experiment 2, WCC also showed no significant correlation be-

tween IBIs and ISIs series, and the maximum correlation was again found at lag 2. 

 

Figure III.5. Mean coefficients of windowed (15-point window) cross-correlation functions (from 
lag -10 to lag 10) between inter-beat intervals series and inter-stride intervals series, for the four 
fractal-metronome pacing conditions in Experiment 1. The black dashed line indicates the signifi-
cance threshold (r13 = 0.5139, p < .05).  

 

Discussion 

 

The findings of both experiments support our central hypothesis that when paced by a 

fractal metronome the correlation structure of stride intervals presents persistent fluctuations, 

contrary to isochronous cueing when the correlation structure of stride intervals presents anti-

persistent fluctuations. We found a negative mean asynchrony in all cueing conditions, sug-

gesting that participants were able to synchronize to the metronome irrespective of its correla-

tion structure: even anti-persistent cueing could be followed. αlong-term-exponents of ISIs and 
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IBIs agreed only when IBIs presented fractal fluctuations implying that the persistent fluctua-

tions in stride intervals were mainly influenced by the long-term correlations in the cueing.  

In line with earlier reports (Delignières & Torre, 2009; Hausdorff et al.,1995; Terrier 

& Dériaz, 2012) stride intervals exhibited persistent long-range correlations during self-paced 

walking and were anti-persistent during isochronously paced walking. The presence of long-

range correlations is often considered a hallmark of healthy and adaptive complex systems 

(Lipsitz & Goldberger, 1992; van Orden et al., 2003). When the system is altered (by pathol-

ogy or external constraints imposed on the subjects), deviations from this optimal behavioral 

dynamics may occur (Goldberger, 2006; Goldberger et al., 2002). In this respect, anti-

persistence in stride intervals during isochronous pacing reveals a more rigid behavior: the 

gait dynamics is reduced to the regular tempo (single scale) of the metronome. For rehabilita-

tion this may imply that patients only ‘learn’ to walk to the isolated cueing beat without the 

capacity to flexibly adapt to potential perturbations (Kaipust et al., 2012).  

Stride intervals also presented anti-persistence when the IBIs presented anti-persistent 

or random fluctuations. Unlike isochronous, anti-persistent or random pacing, the use of a 

fractal metronome enables the locomotor system to maintain the fractal dynamics of gait, sim-

ilar to self-paced gait dynamics (see Figure III.2). The results of Experiment 2 suggest that 

this is due to the persistent, long-range correlations of inter-beat variations and not to the fact 

that the presented metronomes were merely variable (Figure III.4). This agrees with recent 

findings that ISIs in elderly that listened to a chaotic metronome contained persistent correla-

tions similar to those with no metronome (Kaipust et al., 2012). According to Experiment 1, 

the fractal exponents of stride intervals between isochronous pacing and increasingly variable, 

fractal-pacing conditions were either anti-persistent or persistent, revealing that stride dynam-

ics differed completely between isochronous and fractal pacing. Inter-individual differences 

in the CV 0.5% condition might be explained by differences in the perception of inter-beat 

variations of the metronome (Ehrlé & Samson, 2005).  

The results in the fractal-pacing conditions (i.e. all conditions in Experiment 1, and 

H 0.9 in Experiment 2) revealed that, in general, the average fractal exponents of stride inter-

vals tended toward the exponents of the inter-beat intervals presented. In both experiments 

this largely agreed with the exponents observed in self-paced stride intervals (Figures III.2 & 

III.4). In H 0.9 condition the mean fractal exponent decreased compared to self-paced condi-

tion. This might be due to individuals that produced anti-persistent fluctuations: a candidate, 
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albeit speculative, explanation is that CV = 1% did not suffice for these participants (as 

CV = 0.5% was not enough for some others in Experiment 1). Hence, at first glance, partici-

pants could just have walked at their preferred speed without any effective synchronization to 

the auditory stimuli rendering this finding not necessarily indicative of adaptive behavior (like 

in Kaipust et al., 2012). In fact, synchronization with a fractal metronome (i.e. a largely un-

predictable signal) appears quite counterintuitive. However, mean asynchronies obtained in 

the four fractal-pacing conditions in Experiment 1 and the four non-isochronous pacing condi-

tions in Experiment 2 were similar to asynchronies obtained for isochronous pacing (≈ -40 ms, 

which is in line with earlier reports, e.g., Repp, 2005; Terrier & Dériaz, 2012), thus indicating 

effective synchronization with slight anticipation. Importantly, the CV of IBIs were below the 

mean asynchronies: the mean deviations were about 6, 12, 18 and 23 ms for CV 0.5%, CV 1%, 

CV 1.5% and CV 2%, respectively. Consequently the negative mean asynchrony may have 

occurred by chance because participants simply adjusted the mean stride intervals to the mean 

beat intervals. If it was the case, however, we should not have observed any difference in the 

structure of stride intervals between isochronous and fractal pacing. Our results clearly 

demonstrate that the presence of fractal fluctuations in the metronome influenced the statisti-

cal signature of stride intervals.  

Recent findings (Dingwell & Cusumano, 2010) underscored that the locomotor system 

cannot be ‘healthy’ by producing persistent fluctuations when self-paced and – by the same 

token – ‘unhealthy’ by producing anti-persistent fluctuations with isochronous cueing. 

Dingwell and co-workers (2010) suggested that the diminution of the fractal structure in cue-

ing conditions in elderly and in pathology might reflect an increase in stride-to-stride gait con-

trol (‘cautious gait’). Our results do not support this idea. We argue that participants con-

trolled their strides at least as much (and maybe even more so) with isochronous conditions as 

in non-isochronous conditions. In particular in Experiment 1, the metronomes with coefficient 

of variations of 2% were more variable so that we expected participants to be more careful to 

not miss any beats (as they were instructed to do so). Participants succeeded and asynchronies 

were about -50 ms, similar to those in isochronous conditions. However, ISIs were persistent 

(α = 0.85, see Table III.1) and similar to the self-paced conditions. That is, our results are not 

in favor of the hypothesis that fractal exponents decrease with increased control. We are 

aware that the results presented here are not sufficient to discard this interesting hypothesis 

and further studies should examine it in more detail. Simulations of stride intervals in non-

isochronous conditions may indeed help to unravel the control mechanisms that are at work 
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here. These numerical assessments are beyond the scope of the present paper but will be re-

ported elsewhere.  

Our results further provide evidence for a ubiquitous, strong correlation between the 

individual ISIs exponents and those of the corresponding IBIs series over the long-term re-

gion of the DFA plot (Figures III.3 & III.4). We consider this matching of fractal exponents a 

hallmark of strong anticipation. Strong anticipation is described as a global synchronization 

on a broad range of time scales instead of local step-to-step corrections to achieve synchroni-

zation (Marmelat & Delignières, 2012; Stephen & Dixon, 2011; Stephen et al., 2008). We 

verified that the matching of the temporal correlation structures occurred mainly on the long-

term part of the DFA plot: for the four fractal-pacing conditions of Experiment 1, our results 

showed very high correlations between DFA-exponents of individual ISIs and IBIs series 

computed over the long-term region, but no significant correlation between exponents com-

puted over the short-term region. Importantly, this correlation between DFA-exponents on the 

long-term region occurred in Experiment 2 only when the IBIs series contained fractal long-

range correlations (H 0.6 and H 0.9), but not in the case of anti-persistent correlations (H 0.2) 

or random fluctuations (H 0.5).  

To our knowledge, the distinction between short-term and long-term regions of the 

diffusion plot represents an original methodological approach, which allows one to identify 

the relative contributions of local short-term and global long-term fluctuations to sensorimo-

tor synchronization. To complement this analysis, we used windowed cross-correlation analy-

sis, which specifically assesses the local co-variations of inter-stride and inter-beat intervals. 

This analysis showed no significant cross-correlation at any lag (from lag -10 to +10), nor in 

any of the four fractal pacing conditions in Experiments 1 and 2. Synchronization with a vari-

able stimulus has been described as “a mix of reaction, proaction, and synchrony” (Stephen et 

al., 2008, p. 5274). Recall that the maximum (lag 2) coefficient increased as the variance in 

the inter-beat intervals increased, suggesting that too much variability might involve more and 

more reactive processes. Taken together, we may suggest that persistence of the long-range 

correlated gait dynamics in fractal-pacing conditions mainly results from the matching of the 

long-range correlation structure of stride intervals performed onto the IBIs series presented.  

Our interpretation strongly capitalizes on the estimated scaling exponents α, which 

brings us to the study’s major weakness: the brevity of pacing sequences profoundly limits the 

reliability of α-estimates. DFA and related methods like the rescaled-range analysis, power 
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spectral density estimates, wavelet-based scaling estimates, etc. all require a large number of 

samples, in particular if the expected (or generated) scaling exponents are larger than 0.5. The 

persistent long-range correlations do not only camouflage possible non-stationarities in the 

data but also cause a significant spread of α-estimates. For instance, in the case of H = 0.9, 

numerical simulations of fractal Gaussian noise with N = 256 samples may yield standard 

deviations that can readily exceed ∆α = 0.15. Although DFA appears to be the most reliable 

approach to assess the presence of long-range correlations (Delignières et al., 2006; Weron, 

2002) we realize that our results should be interpreted with great caution although this lack of 

reliability is not necessarily reflected in the group statistics. We note that these considerations 

do not only apply to the estimates of α but also to those of αshort-term and αlong-term. That is, fu-

ture studies should aim for significantly longer pacing sequences, i.e. much longer walking 

protocols (preferably N  ≥ 600 strides, see Damouras et al., 2010). Given the plenitude of con-

ditions in our experimental design, however, such extended protocols were not deemed feasi-

ble for answering our research questions. 

Another limitation that should be mentioned is that the participants in the present 

study walked on a treadmill, which is known to be different from over-ground walking, puta-

tively due to differences in the perceptual information generated. In particular, compared to 

over-ground walking, treadmill walking appears to be characterized by a less correlated pat-

tern in the stride intervals and greater gait stability (Terrier & Dériaz, 2011). This could imply 

that the results of the present study would have been even more pronounced over ground; 

however, this remains speculation as long as a direct empirical comparison remains absent. 

Hence, also in this regard, the present results must be qualified. 

In conclusion, the presence of long-range correlations in auditory cues enabled partici-

pants to maintain their ‘normal’, fractal gait pattern. This complexity matching of inter-stride 

intervals structures seemed to rely on strong anticipation processes with the attunement of 

ISIs and IBIs fractal exponents on the long-term region of DFA diffusion plots (supported by 

the absence of local cross-correlations). Our results may form a first step towards a better un-

derstanding of the effect of (correlations in) auditory cueing on gait. The present findings may 

open new opportunities for optimizing cueing protocols in gait rehabilitation. In particular, 

further investigations should verify a potential ‘carry-over’ effect of a fractal metronome to 

stride-time dynamic 
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Available online 

 

Table S1 : Means and standard deviations of the series of asynchronies (standard deviations 

in italics) from all conditions in Experiment 1 (upper panel) and Experiment 2 (lower panel).  

 

Table S2 : Means and standard deviations of the series of inter-beat intervals (standard devia-

tions in italics) from all conditions in Experiment 1 (upper panel) and Experiment 2 (lower 

panel). 

 

Audio S1 : Audio examples of pacing signals (only 15 seconds). File names corresponds to 

the conditions (for example : Exp1_CV1 correspond to a fractal metronome used in Experi-

ment 1, in condition CV = 1%).   

 

Data S1 : Time series from Experiment 1 and Experiment 2 (.xls files). Each sheet corre-

spond to a particular condition for a particular variable (for example : in the file « da-

ta_expe1_multipleCV », the sheet ISI CV 1% corresponds to stride-time series of participants 

in the condition CV = 1% in Experiment 1). Each column corresponds to an individual partic-

ipant.  
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INTERMEZZO 2 

 

Chapter 3 highlighted the possibility to precisely synchronize with non-isochronous 

metronomes. This synchronization was associated with a high correlation of fractal exponents 

of stride time series and onset series only when the metronomes contained 1/f-fluctuations. 

The absence of correlations between fractal exponents in the short-term, and the absence of 

local cross-correlations between time series suggested a global form of strong anticipation.  

 

Local variance 

It was stressed in Chapter 3 that mean asynchronies were statistically similar between 

isochronous and non-isochronous conditions, for both experiments. However, the standard 

deviations of the series of asynchronies were only provided as additional resources, but not 

further analyzed. It is noticeable that standard deviation of asynchronies increased as the CV 

of onsets series increased (Experiment 1). However, standard deviation does not take into 

account the intrinsic variability of the metronome. In contrast, the local variance allows a bet-

ter estimation of the variability of asynchronies, by computing the standard deviation of the 

increments (i.e. differenced series) of the original series (Torre & Balasubramaniam, 2011). 

Results from Experiment 1 clearly showed a linear increase of local variance as a function of 

metronome CV (Figure III.6). This result highlighted the importance of choosing the least 

variable metronome (minimum CV). Higher variability could lead to higher deviations of 

steps to the metronome onsets and to decrease gait stability. Results from Experiment 2 

showed no differences between all non-isochronous conditions. Importantly, the difference in 

local variance between isochronous and non-isochronous conditions was very small. Further 

investigations should therefore focus on assessing the local dynamic stability of gait during 

non-isochronous pacing (Terrier & Deriaz, 2013) and its relation with local variance, standard 

deviation and fractal structure of stride time series.  
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Figure III.6. Local variance of ASYN series in Experiment 1 (left) and Experiment 2 (right).  
 

The following results were not presented in Chapter 3 since they did not speak directly 

to the question addressed in that chapter. In Experiment 1, after each condition the experimen-

talist asked participants four questions about their perception of the signals. Participants an-

swered the following questions, on a scale from 1 to 6: 

- How did you feel the periodicity of the signal?  
(1: not periodic at all – 6: strictly periodic) 

- How did you feel the variability of the inter-onset intervals? 
(1: no variability at all – 6: extremely variable) 

- How did you feel the predictability of the signal?  
(1: very unpredictable – 6: very predictable) 

- How did you feel the difficulty to synchronize with the signal?  
(1: very easy – 6: very hard) 

Results (Figure III.7) suggest that participants were able to perceive that the CV of IOI 

increased between conditions (despite the randomization of conditions), and this seems nega-

tively correlated with the perception of periodicity and predictability. This result is quite intui-

tive, as periodicity and variability were likely to have the exact opposite meaning for partici-

pants in this experiment. Interestingly, participants did not experience more difficulties to 

synchronize with the metronome in the CV 1% condition compared to the isochronous condi-

tion, despite their feeling of higher variability of IOI. This result confirmed that CV = 1% 

would be the best amount of variability participants can easily synchronize with.  
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Figure III.7. Mean answers to the ‘perceptual questions’ 
 

At the end of the experiment, participants were also asked to order the metronomes 

from the more ‘periodic’ to the more ‘noisy’ (or ‘variable’). Results showed that the isochro-

nous metronome was chosen as the most periodic, but the metronome with CV = 1% was 

classified second, suggesting that the fluctuations in this condition were perceived less than in 

the CV 0.5 % condition. However these results are only an overview of participants’ percep-

tion: Further investigations should help to unravel if there is any effect of movement and/or 

task on the perception of fluctuations.  

 

*** 

  

Chapter 2 demonstrated complexity matching in interpersonal coordination. In Chapter 

3 the results suggested that the distributional matching between behavioral time series and 

external rhythm time series was mainly dependent on the presence of long-range correlations 

in the external rhythm fluctuations. This idea was supported by the absence of complexity 

matching between fractal exponents in conditions with non-fractal non-isochronous metro-

nomes. However, it remains unclear if the complexity matching observed in Chapter 2 could 

be due to interactions with another human rather than with an artificial environment. The 

complexity matching effect hypothesis (West et al., 2008) emphasizes that both systems need 

to present the same level of complexity to most efficiently share the information. In Chapter 2, 

both systems presented the same levels of complexity, as participants were both self-paced 
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and oscillated pendulums at the self-selected frequency of the dyad. In Chapter 3 uni-

directional coupling allowed to precisely assess the adaptations of participants to a fractal 

external rhythm. It was shown again that the transfer of information, assessed by the correla-

tion of fractal exponents, was maximal when the environment presented the same level of 

complexity as the participants.  

In Chapter 4 coupling will be uni-directional but the nature of the external rhythm will 

be different. Instead of being an artificial stimulus – the metronome – the fractal external 

rhythm will be provided by another participant.  



	  

	  

 

Chapter 4 

 

‘Human paced’ walking: followers adopt stride time dy-
namics of leaders 

 

 

Isochronous cueing is widely used in gait rehabilitation even though it alters the stride-time 

dynamics toward anti-persistent rather than the persistent, fractal fluctuations characteristic of 

human walking. In the present experiment we tested an alternative cueing method: pacing by 

a human. To this end, we formed sixteen pairs of walkers based on their preferred stride fre-

quency. Each pair consisted of a designated ‘leader’ and a ‘follower’ who was instructed to 

synchronize his or her steps to those of the leader. Heel strike times were detected with tiny 

footswitches, and detrended fluctuation analysis (DFA) was applied to estimate fractal expo-

nents of stride-time series. To ensure that the stride-time dynamics of the follower matched 

those of the leader, the latter was structurally modified by artificial cueing via either an isoch-

ronous metronome or a fractal metronome, in contrast to self-paced walking. Mean relative 

phases between followers and leaders were close to 0°, confirming that followers effectively 

synchronized their footfalls with those of the leaders. Mean fractal exponents were not statis-

tically different between followers and leaders in any condition and highly correlated, sug-

gesting that followers matched their stride-time structure to that of leaders. Our results open 

perspectives for alternative, more natural cueing protocols for gait rehabilitation.  
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 'Human paced' walking: followers adopt stride time dynamics of leaders 
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Introduction 

 

Stride-time variability expressed in terms of standard deviation (SD) and coefficient of 

variation (CV) is greater in elderly fallers compared to non-fallers (Hausdorff et al., 1997). To 

date, gait rehabilitation protocols have therefore focused predominantly on improving step 

length and walking speed, and reducing overall gait variability (McIntosh et al., 1997). How-

ever, gait variability is also determined by the sequencing of events, i.e. how steps are orga-

nized in time. In healthy individuals, stride-time, stride length and stride speed fluctuations 

are neither fully random nor entirely periodic but display persistent, long-range correlations 

(Bollens et al., 2012; Hausdorff et al., 1995; Jordan et al., 2007). Long-range correlations, as 

estimated by the fractal exponent α, have been proposed to discriminate populations where 

other, more classical variables were incapable of doing so: fallers vs non-fallers among elder-

ly with ‘higher-level’ gait disorders (Herman et al., 2005), or healthy young vs healthy elderly 

(Hausdorff et al., 1997). Together with the decrease of α observed in patients with neuro-

degenerative diseases (Hausdorff et al., 1997; Hausdorff et al., 2000), these results suggest 

that the central nervous system might be implicated in the production of long-range correlated 

fluctuations. Hence, in the context of gait rehabilitation protocols, improving the stride dy-

namics toward the level of long-range correlations seen in healthy individuals may well be as 

important as improving ‘traditional’ gait variables, such as CV and SD of stride time series. 

Two explanations for the reduction of α with aging or disease prevail in the literature. 

According to the first, the alteration of fractal dynamic may be associated with a loss of opti-

mal variability (Lipsitz & Goldberger, 1992; Stergiou & Decker, 2011). The second explana-

tion pertains to an increased control of stride-to-stride regulation, leading to corrections at 

each step relative to the previous step (Dingwell & Cusumano, 2010; Terrier & Dériaz, 2013). 

Regardless of the true origin of these alterations, we submit that people at risk of falling 

would benefit from an increase of the fractal exponent of their stride-time series (Herman et 

al., 2005). This hypothesis implies that it would be possible to modify the fractal exponent of 

stride-time series, experimentally or otherwise.  

Step entrainment with external, auditory cues while walking has been widely used as a 

therapeutic tool to reduce gait variability in populations with neurodegenerative diseases (Lim 

et al., 2005; Nieuwboer et al., 2007). However, the stride dynamics has been proven to be 
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deeply altered when gait is paced by isochronous cues compared to being self-paced: in this 

case, stride-time fluctuations become anti-persistent, i.e. negatively correlated, with a sharp 

decrease of the α-exponent (Delignières & Torre, 2009; Dingwell & Cusumano, 2010; 

Hausdorff et al., 1996; Terrier & Dériaz, 2013). Recent studies suggest that, unlike synchroni-

zation with isochronous metronomes, certain synchronization tasks are not associated with 

such an alteration of stride dynamics. In particular, synchronization with non-periodic metro-

nomes seems to induce or facilitate behavioral fluctuations that match the structure of envi-

ronmental fluctuations (Marmelat & Delignières, 2012; Stephen et al., 2008; Stephen & Dix-

on, 2011; Stepp & Turvey, 2010). Recently, Kaipust et al. (2012) reported that walking while 

listening to a chaotic metronome enhanced the fractal exponents of stride intervals in elderly, 

unlike listening to a periodic or random metronome. Taken together these findings suggest a 

‘sensitivity’ of human perception and motor control to fractal environments, compared to 

simpler (periodic) or more complicated (random) stimuli. 

Nessler and co-workers (2009) suggested that replacing the auditory metronome with 

a variable and more familiar environment, like another human, could represent an effective 

strategy in gait rehabilitation. Interpersonal synchronization occurs even unintentionally (Is-

sartel et al., 2007; van Ulzen et al., 2008, van Ulzen et al., 2010). Thus, an elegant and simple 

pacing strategy might be to synchronize steps with a human partner whose stride-time series 

contain long-range correlations. A first necessary step in testing this possibility is to check if 

step synchronization with a human partner can modify the fractal exponent of stride intervals.  

We measured the attunement of αfollower to αleader in a walking task on a large treadmill. 

Since all participants were young and healthy, their α’s for self-paced walking were expected 

to be persistent. We tested if the stride-time fluctuations in leaders effectively influenced the 

stride-time fluctuations in followers by adopting the following hypotheses. (1) The relative 

phase between leader and follower limb is close to 0°; if so, this would constitute proof that 

followers intentionally synchronize with leaders (Schmidt & Turvey, 1994). (2) αfollower and 

αleader are significantly correlated. Indeed, if the follower is not affected by the gait variability 

of the leader, then αfollower is persistent even when the leader is paced by an isochronous met-

ronome and presents anti-persistent fluctuations. 
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Material and Methods 

 

Participants 

After providing written informed consent, twenty-four volunteers (10 males, 14 fe-

males; age: 26.5 ± 2.8 yrs, body height: 172.42 ± 26.1 cm, body mass: 69.5 ± 12.7 kg) partic-

ipated in the experiment. All were healthy and none had any neuromuscular disorder or recent 

injury at the time of study. The local ethics committee of the Faculty of Human Movement 

Sciences of VU University Amsterdam approved the experiment prior to its conductance.  

 

Apparatus and equipment 

Participants walked on a large treadmill (3m wide, 4m long; Bonte Technology BV, 

Zwolle, Netherlands) at a speed of 4.5 km/h, i.e. close to the mean preferred walking speed 

for healthy participants in several experiments (Hausdorff et al., 1995; Jordan et al., 2007; 

Terrier et al., 2005). Tiny footswitches (EMG force sensitive) were fixed under the right heel 

of participants to record heel strike moments (500 Hz). Inter-beat intervals (IBI) were gener-

ated in Matlab (Mathworks, Natwick, MA) and administered through earphones to pace the 

right heel strikes of leaders. Followers always wore earmuffs to prevent them from hearing 

the metronome beats. Participants were instructed to wear trousers and sneaker-like-shoes 

(with a flat sole to easily determine heel strike moments). 

 

Tasks and instructions 

In a first session, participants walked alone on the treadmill for 11 min at 4.5 km/h af-

ter a short habituation period (4 min). They were instructed to walk as naturally and regularly 

as possible and to look in front of them, while wearing earmuffs. This condition was repeated 

once yielding Session 1a and Session 1b, allowing us to assess the reliability of the fractal 

exponents of stride time series. Participants with similar mean stride intervals were paired in 

the second session, as participants with similar stride frequency were expected more likely to 

synchronize (Nessler et al., 2009).  
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In the second session, participants walked behind one another (‘leader/follower’ con-

figuration) in three conditions, conducted in random order, after a short habituation period (4 

min). Conditions were signified via the pacing of leaders: self-paced (SP condition), no sound 

was audible in leaders earphones; isochronously paced (ISO condition), a regular metronome 

was administered; and fractally (1/f-condition) paced, the beat interval series of the metro-

nome were not regular but presented a coefficient of variation (CV) of 1% and a Hurst expo-

nent (H) of 0.8. In brief, the Hurst exponent is a scaling coefficient which links the size of the 

fluctuations F(n) to the size of the observation windows n in a power-law fashion (see below 

for further description of the method). CV and H here correspond to the mean values for all 

participants in Session 1. In ISO and 1/f-conditions, the mean beat intervals of the metro-

nomes corresponded to the mean stride intervals of the two participants within a pair. After a 

pair of participants performed the three conditions, they switched roles, had another habitua-

tion period in the new ‘leader/follower’ configuration, and performed again the three condi-

tions in random order.  

Followers were instructed to synchronize their right heel strikes with leaders’ right 

heel strikes in the three conditions. Leaders were instructed to walk as naturally and as regu-

larly as possible when no sound was audible in the earphones, and to synchronize the right 

heel strikes with the beat when sounds were administered. To accurately synchronize with the 

beats, leaders always ‘trampled’ for a few steps, so as to make followers believe that leaders 

were not self-paced. For standardization between the SP condition and the two others condi-

tions, earphones displayed a dozen of regular beats and then vanished in the self-paced condi-

tion. Each condition in the second session lasted 6 min, to collect 256 stride intervals (Figure 

IV.1), the minimum number necessary for an estimation of fractal exponents with the DFA 

(Delignières et al., 2006). Pierrynowski et al. (2005) stressed that averaging the fractal expo-

nents estimated in three repetitions of the same 6-minutes condition should provide a single 

accurate estimate of the fractal exponent characteristic of this condition. However, we could 

not live up to this advice due to the numerous different conditions in our experiment. Yet we 

are confident that the number of participants should allow for a valid comparison of the mean 

fractal exponents between the different conditions.  
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Figure IV.1. Representative example. Stride-time series for a pair of participants (upper panel: lead-
er; middle panel: follower) with corresponding DFA plots (lower panel, log-log scales; circles: leader, 
squares: follower) in Session 1b, self-paced (SP), 1/f-paced (1/f) and isochronous-paced (ISO) condi-
tions. Note that in Session 1b each participant walked alone while they were paired in SP, 1/f-and ISO 
conditions.  

 

Data processing  

Stride-time series from leaders and followers were defined as the time intervals be-

tween two successive right heel strikes. Series of relative phase between follower and leader 

heel strikes (relative phase between participants, 𝑅𝑃!) were calculated as: 

𝑅𝑃! 𝑖 = 360× !!! !   –  !!! !
!!! !!!   –  !!! !

  (IV.1) 

where i represents stride number, 𝐹!! 𝑖  and 𝐿!! 𝑖  refer to follower heel strike time and to 

leader heel strike time, respectively, for the ith stride. In ISO and 1/f-conditions, two more 

variables were analyzed: series of inter-onset intervals and series of relative phase between 

leader heel strikes and metronome onsets (relative phase with metronome, 𝑅𝑃!), calculated 

as:  

𝑅𝑃! 𝑖 = 360× !!! !   –  !!! !
!!! !!!   –  !!! !

  (IV.2) 
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where 𝐿!! 𝑖  and 𝑀 𝑖  refer to leader heel strike time and to metronome onset time, respec-

tively, for the ith stride. The last points (excluding the last five points) of each time series were 

submitted to analysis. 

To characterize the structure of correlations in stride-time series we used detrended 

fluctuation analysis (DFA, Peng et al., 1993). DFA assesses the relationship between the 

magnitude of fluctuations of the variable and the duration over which these fluctuations are 

observed. Here the points of the diffusion plot were averaged so as to obtain 11 equidistant 

points, thereby avoiding possible biases in estimating α due to their logarithmic distribution. 

α then corresponded to the regression slope over these 11 points. The fractal exponent α is of 

essential interest: a fully random series (white noise) corresponds to α = 0.5; time series con-

taining anti-persistent correlations have α < 0.5, and persistent correlations imply α > 0.5. To 

examine the effect of the different metronome conditions (SP, ISO, and 1/f) and different roles 

(leader and follower) on the stride-time series structure, we applied a two-way (Condi-

tion × Role) ANOVA with repeated measures on estimated α-s. Tukey’s HSD was used for 

post-hoc analysis. The results were deemed significant if p < 0.05.  

To assess the nature of adaptive processes occurring between followers and leaders, 

we performed a linear correlation analysis between αfollower and αleader. We expected a com-

plexity matching (Marmelat & Delignières, 2012; Stephen et al., 2008) to occur to the long-

range correlation structure of stride-time series of leaders. Hence, we performed separate cor-

relation analyses on α-exponents obtained in the short-term and in the long-term regions of 

the diffusion plots: αshort-term was given by the regression slope between the first point and the 

fourth point of the diffusion plot; αlong-term was given by the regression slope between the last 

five points. This analysis allowed for evaluating the respective role of short-term and long-

term adaptations in the scaling attunement.  

 

Results 

 

Sixteen participants (8 males, 8 females; age: 27.0 ± 2.8 yrs, body height: 176.2 ± 12.1 

cm, body mass: 69.8 ± 14.7 kg) yielded a difference between fractal exponents in Session 1a 

and 1b of less or equal to 0.1, and thus performed the second session. Mean, standard devia-
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tion, and fractal exponent of stride intervals for these participants were not significantly dif-

ferent between Session 1a and 1b (Table IV.1). The mean absolute differences between mean 

stride time series for two participants within a pair was 15.2 ms (ranging from 1.9 ms to 37.6 

ms).  

 
Table IV.1. Mean, standard deviation and fractal exponent of 
stride-time series in Session 1a and 1b, assessed over 16 
participants (standard deviations in italics).  
 

 Session 1a Session 1b 
Mean (ms) 1125.45 1127.74 

 68.12 67.23 
Standard deviation (ms) 13.28 12.31 

	  
2.81 2.54 

Fractal exponent (α) 0.81 0.83 
	  	   0.10 0.11 
 

 

In the second session, mean and standard deviation of RPp were statistically similar 

(p = 0.55 and p = 0.31, respectively) and close to zero degrees. Mean RPm was not statistical-

ly different between 1/f-and ISO conditions (p = 0.58), with values of 13.9° and 12.4°, respec-

tively. These values confirmed that leaders synchronized their steps with the metronomes but 

slightly anticipated metronome beats.  

The two-way (Condition × Role) ANOVA revealed statistical effects of Condition 

(F = 74.89, p < 0.001) and Role (F = 6.31, p < 0.05) on α (Figure IV.2). Tukey‘s HSD post-

hoc revealed that α was statistically lower in the ISO condition compared to the SP and 1/f-

condition, for both leaders (p < 0.001) and followers (p < 0.001).  
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Figure IV.2. Fractal exponents. αleader (white) and αfollower (grey) in self-paced (SP), 1/f-paced (1/f) 
and isochronously paced (ISO) conditions. Classical boxplots were used to indicate median, quartiles 
and extent of the data (whiskers). The range of individual results (N = 16) is presented with boxplots. 
Printed values are means (SD). N.S.: non-significant difference between leaders and followers for each 
condition. *: significant difference between conditions for leaders and followers (p < 0.001).  
 

 

The correlation between αfollower and αleader was significant in SP, 1/f-and ISO conditions (Ta-

ble IV.2). There was no significant correlation for αshort-term in any condition, while the corre-

lation was significant for αlong-term in SP, 1/f-and ISO conditions.  

 
Table IV.2. Pearson correlation coefficient between 
α leader and α follower, assessed over 16 participants 

 SP 1/f ISO 
α 0.75* 0.72* 0.85* 
αshort-term 0.48 0.56 0.55 
αlong-term 0.81* 0.92* 0.93* 
* p < 0.01 

	   	   	   

 

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

SP 1/f ISO 

Fr
ac

ta
l e

xp
on

en
t

 0.83
(0.12)

 0.70
(0.12)

 0.78
(0.16)

 0.40
(0.19)

 0.71
(0.12)

 0.42
(0.14)

N.S. N.S.

N.S.

* *



82	   CHAPTER	  4	  
	  

Discussion  

 

In this study we examined to what extent a human walker can influence the fractal ex-

ponent of stride time series of another human walker following stride. The relative phase 

close to 0° confirmed that followers effectively synchronized with leaders in all three condi-

tions. Our results further indicated that the stride time series of the followers closely depended 

on those of the leaders. Across conditions we did not find any statistical difference between 

α-leaders and α-followers. The agreement between αlong-term-exponents in all conditions im-

plies that synchronization was mainly achieved by long-range processes and not primarily by 

local over-corrections.  

Mean RPp indicated close to perfect synchronization (0°, Figure IV.2) but also that fol-

lowers slightly anticipated the heel strikes of the leaders (Repp, 2005). The low variability of 

RPp indicated strong gait synchronization of followers to leaders (Schmidt & Turvey, 1994). 

This result confirmed that followers effectively synchronized with leaders, and that they did 

not react to the behavior but actively anticipated the occurrence of the steps. This anticipation 

is important because we could have expected that stride time series of followers matched 

those of leaders with a constant lag 1, if followers were only reacting to leaders. In this situa-

tion, αfollower and αleader would have been the same, but only as a result of followers mimicking 

leaders.  

Stride time series presented persistent fluctuations in SP and 1/f-conditions. In contrast, 

anti-persistent fluctuations were present in ISO condition. The latter result is in accordance 

with the literature on sensori-motor synchronization with isochronous metronomes (Delig-

nières & Torre, 2009; Terrier & Dériaz, 2012). It is noteworthy that in the three conditions, 

αfollower was statistically similar to αleader. This result suggests that a human partner may pro-

vide a simple, natural ‘metronome’ for pacing gait. These results have to be confirmed in el-

derly populations, who typically exhibit lower fractal exponents, which might be increased 

through synchronization with another person’s gait. Increasing the fractal structure of stride 

time series is important: it could restore the optimal variability of strides, thus rendering the 

gait more adaptable to perturbations (Lipsitz & Goldberger, 1992; Stergiou & Decker, 2011), 

or it could imply less stringent gait control, thus allowing the attention to focus on others pa-

rameters (Hausdorff et al., 1996; Terrier & Dériaz, 2013).  
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It is important to note that the present experiment was conducted on a treadmill: some 

studies have suggested that walking on a treadmill could decrease the fractal exponent of 

stride-time series compared to over-ground walking (Terrier et al., 2005; Terrier & Dériaz, 

2013), but other studies did not find any differences (Chang et al., 2009; Bollens et al., 2010). 

Moreover, we were more interested in the matching of fractal exponents rather than in esti-

mating its true value. Another limitation of the present study was the length of stride time 

series in the second session (256 stride intervals). This length represents the minimum to ob-

tain reliable fractal exponents for a group (Delignières et al., 2006). Indeed, mean results be-

tween α1a (Session 1a), α1b (Session 1b) and αleader (SP condition, Session 2) were statistically 

similar, despite different time series length, and different recording days. However, one must 

stress that individual measures could be more controversial, in particular the correlations be-

tween fractal exponents. Further experiments with less but repeated conditions should estab-

lish the reliability of the present findings (Pierrynowski et al., 2005).  
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INTERMEZZO 3 

 

In Chapter 4 the results of windowed cross-correlations were not presented due to arti-

cle length constraints. There were no significant correlations between ISIf and ISIl at any lag, 

which was in accordance with previous results from Chapters 2 and 3.  

Participants were asked three questions at the end of Session 2. As outlined in Inter-

mezzo 2, these results are only informative and the questionnaire was not rigorous enough to 

publish the results, but they provide clues about the perception of participants about the dif-

ferent conditions. The three questions were: 

- When in the follower position, was there a condition where it was more comfortable 

for you to synchronize with the leader?  

- When in the follower position, was there a condition where you felt that the leader had 

a more natural gait?  

- Did you prefer to synchronize with a metronome (i.e. in the leader position) or with a 

participant (i.e. in the follower position), in general? 

Results showed that 10 out of 16 participants preferred to synchronize with another 

human rather than with a metronome. 50% reported that there was no particular condition in 

which they felt more comfortable to synchronize with the leader, and 25% reported a prefer-

ence for the condition where the leader was self-paced. The results showed the same tendency 

for the second question about the ‘natural gait of leader’, but with a higher proportion for the 

self-paced condition (which was the effective natural gait) and 21% for the isochronously 

paced condition.  

Some participants reported that in the isochronous condition they felt the leader as be-

ing more ‘robotic’, more automatic (which supports the idea that humans are sensitive to frac-

tal fluctuations), while others felt the leader as being more ‘stable’, less variable, which is in 

accordance with the results (lower CV of ISI in ISO). These results are in accordance with 

those of Nessler et al. (2011), who reported that participants preferred synchronizing to an-

other participant rather than to isochronous auditory cues.  
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Figure IV.3. Distribution of answers to the question “When you were in the follower position, was 
there a condition where it was more comfortable for you to synchronize with the leader?”  
 

 
Figure IV.4. Distribution of answers to the question: “When you were in the follower position, was 
there a condition where you feel that the leader had a more natural gait?” 
 

*** 

 

 Chapter 4 showed that ‘human pacing’ can lead to complexity matching of the stride 

time series of followers to those of leaders. The results were very similar to those found in 

Chapter 3 for metronome paced walking and thus suggest that the complexity matching does 

no#
50%#

self#paced#
25%#

1/f#
12%#

ISO#
13%#

no#
43%#

self#paced#
29%#

1/f#
7%#

ISO#
21%#



‘HUMAN	  PACED’	  WALKING:	  FOLLOWERS	  ADOPT	  STRIDE	  TIME	  DYNAMICS	  OF	  LEADERS	   87	  

	  

	  

not depend of the nature of the environment (natural or artificial) but rather on the fractal 

properties of the environment. Further investigations are needed to determine if the fractal 

properties of participants influence the complexity matching: for example, could elderly per-

sons (with lower fractal exponents of ISI) follow a fractal metronome and increase the fractal 

exponent of their ISI series?  

In Chapter 5 I sought to model the results obtained in the second experiment of Chap-

ter 3 (i.e. non-isochronously paced walking with different variability structures). Modeling the 

experimental results could uncover essential information about the underlying processes, and 

thus help to confirm or refute the strong anticipation hypothesis. In particular, I wondered 

whether (1) the same model can reproduce isochronous and non-isochronous conditions, and 

(2) the same model can reproduce fractal and non-fractal conditions.  



	  

	    



	  

	  

 

Chapter 5 

 

Isochronous versus non-isochronous pacing of gait: con-
tinuous coupling versus discrete error correction 

 

 

Recent findings revealed that stride time series exhibit persistent fluctuations when a fractal 

metronome is used to pace walking. How can this phenomenon be modeled? So-called super 

central pattern generators (SCPGs) have been shown to reproduce persistent fluctuations of 

stride time series in self-paced walking and anti-persistent fluctuations of stride times as well 

as persistent fluctuations of asynchronies in isochronously paced walking. In the present study 

we investigated whether the SCPG approach is also applicable to non-isochronously paced 

walking. Using spectral analysis and auto-correlation functions, we found that experimental 

asynchrony series were qualitatively different between isochronously and non-isochronously 

paced walking, and that SCPGs provided no adequate account for the latter type of paced 

walking.  As an alternative we proposed a model for stride time production with a correction 

mechanism based on the three preceding asynchronies with respect to the metronome. 

Spectral analysis, auto-correlation functions, and detrended cross-correlation analysis 

revealed strong similarities between experimental and simulated stride time series. This 

suggests that synchronization with non-isochronous metronomes is achieved on the basis of 

event-based timing, in contrast to synchronization with an isochronous metronome, which 

appears to be mediated by a continuous coupling between the limb dynamics and the rhythm 

of the metronome, i.e. as an instance of emergent timing. Our results further suggest that the 

presence of long-range correlations in inter-onset intervals of non-isochronous metronomes 

may enhance gait synchronization. 

 

Based on: 

Marmelat V, Daffertshofer A, Beek PJ, Delignières D (submitted) 
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Introduction 

 

Healthy human gait is characterized by the presence of persistent, long-range 

correlated fluctuations in successive stride times (Delignières & Torre, 2009; Dingwell & 

Cusumano, 2010; Hausdorff et al., 1995; Terrier et al., 2005). Such structured fluctuations are 

commonly thought to reflect the complexity of the locomotor system and its capacity to adapt 

to altered environmental and organismic constraints (Kello et al., 2007; Nessler et al., 2013; 

van Orden et al., 2009). However, when participants are instructed to walk in synchrony with 

an isochronous metronome, stride fluctuations are no longer persistent but anti-persistent 

(Delignières & Torre, 2009; Hausdorff et al., 1996; Sejdic et al., 2012; Terrier & Dériaz, 

2012). This qualitative change in stride dynamics may imply that stride frequency becomes 

organized around the frequency of the metronome. Dingwell and Cusumano (2010) suggested 

that the anti-persistent fluctuations in stride intervals reflect a local, stride-to-stride type of 

gait control. In contrast, West and Scafetta (2003) proposed a model involving a continuous 

coupling mode between metronome and limb dynamics that could account for the stride 

dynamics in both self-paced and metronome-paced conditions. In particular, this so-called 

‘super’ central pattern generator (SCPG) represented a periodically forced van der Pol 

oscillator:  

𝑥 + 𝜔!!𝑥 − 𝜇𝑥 + 𝜆𝑥!𝑥 = 𝐴cos Ω𝑡  (V.1) 

where 𝑥 represents the position of the lower limb in body-centered coordinates, and the dot 

notation indicates differentiation with respect to time. 𝜇  denotes the linear damping 

coefficient and 𝜆 the non-linear van der Pol damping coefficient; 𝜔! is the oscillator’s natural 

frequency. The SCPG model assumes that each cycle 𝑖 the frequency 𝜔! is set at random by a 

CPG that is considered a complex neural network producing long-range correlated output 

series. Finally, Ω and 𝐴 are the frequency and the strength (amplitude) of the periodic forcing, 

respectively.  

The forcing reflects the intention to walk at a specific rate, be it self-selected or 

dictated by a metronome. Note that the SCPG model suggests that synchronization results 

from a continuous coupling to the rhythm imposed by the metronome, and not from discrete, 

step-to-step corrections of asynchronies. Delignières and Torre (2009) used a small forcing 

strength 𝐴 for self-paced walking and a large one for metronome-paced walking, and found 
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that the model produced persistent series in the former case and anti-persistent series in the 

latter case; see below for further details. While the first finding may be seen as somewhat 

trivial as it merely reflects the imposed correlation structure of 𝜔!, the latter indicates that the 

emergence of anti-persistence in stride intervals series in metronome-paced conditions is a 

function of the effective pacing strength. With the term ‘effective’ we do not imply that, e.g., 

the volume of the acoustic cues is increased but rather that they affect the CPG to a greater or 

lesser degree, e.g., by an increase or decrease of conscious control processes, respectively 

(West & Scafetta, 2003). Delignières and Torre (2009) also highlighted the presence of 

persistent fluctuations in the corresponding asynchronies, which would imply that “the 

intrinsic complexity of the system [may be] still at work in metronome [-paced] conditions, 

but [might] express … differently in overt performance” (Delignières & Torre, 2009, p1278). 

This idea is at odds with the hypothesis of an ‘oversimplification’ of the locomotor system 

during metronome paced walking as suggested by Hausdorff et al. (1996).  

Isochronous metronomes are being widely used in the rehabilitation of gait in people 

with a motor dysfunction due to neural impairment (for a review, see, e.g., Lim et al., 2005). 

Recently, a plea has been made for the replacement of this rigid and non-adaptive metronome 

by more natural and interactive environments (Hove et al., 2012; Kaipust et al., 2013; Nessler 

et al., 2009, 2013). In line with this suggestion we showed that following a fractal metronome, 

i.e. one containing persistent correlations in the inter-beat intervals, yields persistent 

fluctuations in stride intervals, similar to those observed in self-paced walking (Marmelat et 

al., 2014b). In fact, fractal exponents of stride intervals closely matched those of 

corresponding inter-beat intervals.  

The processes underlying the effects of variable metronomes on gait regulation, 

however, remain opaque. We here consider two alternatives for incorporating long-range 

correlations in stride intervals when gait is paced by a fractal metronome. First we examine 

how well the SCPG model can account for non-isochronously paced walking when the 

periodic sine in (V.1) is replaced by an irregularly fluctuating function. Second, we adopt a 

discrete modeling approach based on the premise that following an irregular and 

unpredictable metronome requires short-term correction. 

We developed and compared these two models by re-analyzing the data from 

Marmelat et al. (2014b) using spectral signatures, auto-correlation functions and detrended 

cross-correlation analysis to characterize the dynamical nature of inter-stimulus intervals and 
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asynchronies. Participants walked in synchrony with different types of metronomes: a 

conventional isochronous metronome various metronomes presenting different statistical 

serial properties (anti-persistent and persistent correlation), and a fully random metronome 

(with a finite frequency).  

 

Methods 

 

Since the methods and procedures of the present experiment have been described in 

detail by Marmelat et al. (2014b), we here provide only a brief outline of the experimental 

design. 

 

Procedure and acquisition 

Twelve volunteers participated in the experiment. They were invited to walk on an 

instrumented treadmill that allowed on-line detection of foot contacts by means of a large 

force-plate embedded in the treadmill belt (Roerdink et al., 2008). Auditory stimuli 

administered through an earphone served as metronome. The inter-onset intervals (IOIs) were 

either constant, resulting in isochronous pacing (ISO), or generated on the basis of fixed 

scaling-exponents, i.e. H = 0.2, H = 0.5, and H = 0.9, respectively, resulting in non-

isochronous pacing. The non-isochronous pacing conditions represented anti-persistent (H02), 

random (H05) or persistent (H09) fluctuations. The coefficient of variation of the IOIs agreed 

with natural gait variability (CV = 1%), and provided a sufficient distinction with the ISO 

condition. The mean IOIs was matched to the preferred inter-stride intervals per participant.  

 

Data processing  

We analyzed two types of time series: the series of inter-stride intervals (ISIs), defined 

as the time intervals between two successive right heel strikes, and the series of asynchronies 

with respect to the metronome (ASYNs), defined as the time intervals between right heel 

strikes and corresponding metronome onsets, such that negative asynchronies indicated 
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anticipated heel strikes. The last 256 points of each time series were submitted to analysis. 

Fractal analyses are more accurate with longer time series, but given the multitude of 

experimental conditions in Marmelat et al. (2014b) such extended protocol was not feasible – 

see Marmelat et al. (2014b; Discussion p8) for a critical note in this context. 

Spectral Analysis 

We examined the power spectra of ISI and ASYN series for the presence of a power 

law, which would indicate the presence of long-range correlations. If the power spectrum is 

denoted by 𝑆 𝑓 , then we were looking for a shape of the form:  

𝑆 𝑓 ∝ 1 𝑓! (V.2) 

with scaling-exponent   𝛽. We applied the so-called lowPSDwe algorithm (Fougere, 1985; Eke 

et al., 2000), which includes DC-removal, bridge detrending and leakage reduction using a 

parabolic window prior to applying a discrete Fourier transform (given the shortness of the 

data we could not apply more reliable power spectral density estimates like Welch’s 

periodogram method or multi-tapering). Note that we excluded high frequencies, i.e. we used 

only the range 𝑓   <   !!𝑓!"#$%&', where 𝑓!"#$%&' is the Nyquist frequency). Equation (V.2) can be 

rewritten as log 𝑆 𝑓 = −𝛽log 𝑓 + const ., which allows for estimating the scaling-

exponent  𝛽 as the slope of the power spectrum’s log-log representation. We hence applied a 

straight line fit in the resampled power spectrum, in order to avoid any bias due to the 

logarithmic distribution. A linear negative slope (β = 1) in the low-frequency region indicates 

a fractal process. Uncorrelated (white) noise corresponds to a flat spectrum (β = 0), and anti-

persistent fluctuations by a positive slope (β = -1). In contrast, a flattening of the slope in the 

low frequency region is indicative of short-term autoregressive (AR) processes 

(Wagenmakers et al., 2004). 

The spectral analysis is considered less accurate than the analysis of the series’ mean-

squared displacement in the case of ‘short’ time series (Delignières et al., 2006) but seems to 

better discriminate between autoregressive models and fractional Brownian motion (fBm) or 

fractional Gaussian noise (fGn) than detrended fluctuation analysis (DFA, Peng et al., 1993). 

Both, fBm and fGn archetypes of 1/𝑓  processes (Wagenmakers et al., 2004). DFA is 

typically used to study the mean-squared displacement: it yields a scaling-exponent 𝐻 that 

relates to 𝛽 = 1+ 2𝐻 in the case of fBm, and to 𝛽 = −1+ 2𝐻 in the case of fGn. Note that 
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the 𝐻-exponent also describes a power-law scaling of the corresponding auto-correlation 

function provided that the generating process is stationary (Daffertshofer, 2011). 

Auto-correlation function.  

In addition to the spectral analysis we determined the auto-correlation functions of the 

ISI and ASYN series from lag 1 to lag 20. As stated, the auto-correlation function offers an 

alternative assessment of scaling behavior: fractional Gaussian noise is accompanied by 

persistent correlations that feature a power-law decay or anti-persistent correlations that 

feature negative coefficient values, while short-range correlations from AR processes display 

a mere-exponential decay. 

Cross-correlation analysis.  

We quantified the level of cross-correlation between ISI and IOI time series by 

computing the so-called ρDCCA coefficient (Zebende, 2011). This coefficient is an extension of 

the detrended cross-correlation analysis (DCCA, Podobnik & Stanley, 2008), which aims at 

analyzing long-range cross-correlations between two simultaneously recorded series. DCCA 

starts off with a conventional DFA for every series. Recall that DFA computes the mean 

squared displacement, or rather the mean standard deviation of the integrated series within 

non-overlapping intervals of length n, after removing the linear trend within each interval. 

This might be formalized as:  

𝐹!"# 𝑛 = !
!!!"

𝑋 𝑡 − 𝑋!"#$%,! 𝑡
!!!!"

!!!  (V.3) 

where 𝑋 𝑡  denotes the integrated series and 𝑋!"#$%,! 𝑡  the trend in interval 𝑛. As already 

mentioned, for fBm (or fGn) one expects power-law like behavior of the form 𝐹!"# 𝑛 ∝ 𝑛! 

with a characteristic-exponent α. Next DCCA estimates the mean covariance between the two 

series within non-overlapping intervals. This mean covariance is given by:  

𝐹!""#! 𝑛 = !
!!!"

𝑋 𝑡 − 𝑋!"#$%,! 𝑡 𝑌 𝑡 − 𝑌!"#$%,! 𝑡!!!"
!!!  (V.4) 

where X(t) and Y(t) represent two integrated series. As in DFA the long-range cross-

correlations between series are revealed by a scaling 𝐹!""#   𝑛 ∝ 𝑛! with a characteristic-

exponent 𝛼. Zebende (2011) noted that 𝐹!""#   𝑛  does not allow for measuring the proper 

cross-correlation strength and thus normalized the measure, as is convention in cross-
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correlation estimates. For this he introduced the DCCA cross-correlation coefficients 

𝜌!""# 𝑛  as:  

𝜌!""# 𝑛 = !!""#
! !

!!"#! ! !!"#! !
 (V.5) 

Delignières and Marmelat (2014) analyzed human behavioral data in this manner. 

 

Experimental results 

 

The ISI series displayed anti-persistent fluctuations, as indicated by positive slopes in 

the low-frequency region, in ISO, H02, and H05 conditions, and persistent fluctuations in the 

H09 condition, as indicated by a negative slope in the low-frequency region (Fig. V.1, upper 

panels). The ASYN series revealed persistent fluctuations in the ISO condition but there was a 

flattening of the low-frequency slope in the non-ISO conditions (Figure V.1, lower panels) 

characteristic of AR processes (Wagenmakers et al., 2004).  

 

 
Figure V.1. Spectral signatures from experimental results. Mean power spectra of the ISI (upper 
panel) and ASYN series (lower panel), as obtained by point-by-point averaging over twelve 
participants in the ISO, H02, H05 and H09 conditions, which are depicted from left to right. Spectral-
exponents correspond to the inverse of the slope in the low frequency region (represented by the 
dashed straight lines): βISI equals -1.35, -1.26, -0.93, 0.83 and βASYN equals 0.92, 0.14, 0.09, 0.66 for 
the ISO, H02, H05, and H09 conditions, respectively. 
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The auto-correlation function of the ISI series (Figure V.2, left panel) was positive in 

the H09 condition and decayed-exponentially suggesting the presence of short-term 

processes. For all other conditions the ISI auto-correlation turned negative at different points 

in time. The auto-correlation function of the ASYN series (Figure V.2, right panel) confirmed 

the expected spectral signatures. ASYN series showed a slow, power-law-like decay in the 

ISO condition, while in the H02, H05, and H09 conditions they displayed an-exponentially 

fast decay after five time lags. The fast decay in the auto-correlation function and the flat 

slope in the lowPSDwe analysis both suggest the absence of long-range correlations in the 

ASYN series in the three non-ISO conditions, with only short-range correlations (~AR-

processes) remaining.  

 

	  

	  
Figure V.2. Mean auto-correlation function of ISI series (left) and ASYN series (right) computed over 
20 lags for all conditions. The dashed line merely serves as visual guidance. 
 

 

The covariance ρDCCA between ISI and IOI series for the three non-ISO conditions 

increased with interval length (Figure V.3). Maximum ρDCCA exceeded 0.9 for H09 while it 

barely reached 0.3 for H02 and 0.7 for H05. This suggests that the three non-ISO metronomes 

affected behavior differentially: Persistent correlations in the IOIs yielded a better matching in 

the ISI series.  
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Figure V.3. ρDCCA for H02, H05 and H09, as a function of interval length.  

 

 

Modeling 

 

SCPG-model 

The SCPG-model assumes that in every cycle a ‘stochastic’ CPG generates a new 

natural frequency 𝜔!. If 𝜔! denotes the baseline frequency of the Van der Pol oscillator, the 

series of natural frequencies take the form:  

𝜔! = 𝜔! + 𝛾𝛿! (V.6) 

where 𝛾 is just a scaling factor and 𝛿! stem from a Markov chain specified by a correlation 

zone 𝑟 = −1/log 𝛼  and mean jump size distribution 𝜌  (West & Scafetta, 2003). 

For the three non-ISO conditions, we further extended model (V.1) to variable forcing 

frequency Ω → Ω!. That is, we used 

𝑥 + 𝜔!!𝑥 − 𝜇𝑥 + 𝜆𝑥!𝑥 = 𝐴cos Ω!𝑡  (V.7) 

where the successive frequencies Ω!  were derived from the IOI series provided by the 

corresponding metronomes. Note that the mean Ω!  in equation (V.7) is equal to the baseline 

frequency 𝜔! in equation (V.6). In line with Delignières and Torre (2009), we used 𝐴 = 10 
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and 𝜇 = 𝜆 = 1 as well as 𝜔! = 2𝜋 for the model (V.1). We further set the parameters of the 

CPG to 𝛼 = 𝑒!!", 𝑟 = 25, 𝜌 = 25, 𝜂 = 0.1, and 𝛾 = 0.4.  

The SCPG-model reproduced the experimental ISI and ASYN series only in the ISO 

condition (Figure V.4, left panels), with a positive slope for the ISI series and a negative slope 

close to 1 for the ASYN series. In contrast, the ISIs series appeared close to white noise in the 

three non-ISO conditions and ASYNs series represented fractional Brownian motion rather 

than persistent fractional Gaussian noise. Given these inconsistencies with the experimental 

results we refrained from analyzing this model further.  

 

 

 
Figure V.4. Spectral signatures from SCPG-model results. Mean spectra of the ISI (upper panels) and 
ASYN (lower panel) series, as obtained by point-by-point averaging over the ISO, H02, H05 and H09 
conditions, which are depicted from left to right. Spectral-exponents correspond to the inverse of the 
slope in the low frequency region (represented by the dashed straight lines): βISI equals -0.56, 0.20, 
0.15, 0.46 and βASYN equals 1.28, 3.9, 3.8, 3.8 for the ISO, H02, H05, and H09 conditions, 
respectively. 
 

ASYN-model 

As an alternative we tested a discrete model in which ISI production was governed by error 

correction based on the three preceding ASYNs (see Appendix A for details), i.e.:  

𝐼𝑆𝐼! = 𝐶 + 𝑎 ∙ 𝐴𝑆𝑌𝑁!!! + 𝑏 ∙ 𝐴𝑆𝑌𝑁!!! + 𝑐 ∙ 𝐴𝑆𝑌𝑁!!! + 𝜂𝜀! (V.8) 

The coefficients 𝑎, 𝑏, and 𝑎 were given as the mean coefficients of the stepwise regression of 

𝐼𝑆𝐼! series on the 𝐴𝑆𝑌𝑁!!!, 𝐴𝑆𝑌𝑁!!!, and 𝐴𝑆𝑌𝑁!!! series: 𝑎 = −0.1015, 𝑏 = −0.1460, and 
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𝑐 = −0.0856 , respectively; in order to fit the mean and standard deviations of the 

experimental series, the constant 𝐶 was set to 𝐶 = 1100, and the mean-centered Gaussian 

white noise 𝜀! was multiplied by a factor 𝜂 = 10.  

As can be appreciated from Figure V.5, the ASYN-correction model adequately 

reproduced the spectral signatures of the ISI and ASYN series in the H02, H05, and H09 

conditions (upper panels). However, the model did not lead to a proper fit of the ASYN series 

in the ISO condition, with an unexpectedly flatter slope in the low frequency region 

(𝛽 = −0.38) compared to the experimental series (𝛽 = −0.92) and the SCPG-model series 

(𝛽 = −1.28). 

 

 
Figure V.5. Spectral signatures from ASYN-correction model results. Mean spectra of ISI (upper 
panel) and ASYN (lower panel) series as obtained by point-by-point averaging over the ISO, H02, 
H05, and H09 conditions, which are depicted from left to right. Spectral-exponents correspond to the 
inverse of the slope in the low frequency region (represented by the dashed straight lines): βISI equals -
0.77, -1.00, -0.38, 0.88, and βASYN equals 0.38, 0.32, 0.01, 0.67 for the ISO, H02, H05, and H09 
conditions, respectively. 

 

The auto-correlation function confirmed that the ISI series obtained from the ASYN-

correction model were indeed similar to those obtained experimentally in the four 

experimental conditions of interest (Figure V.6, left). The auto-correlation function of the 

ASYN series in the ISO condition presented a very fast decay, which was absent in the 

experimental results (Figure V.6, right). As in the experimental data, the auto-correlation 

function presented an-exponential decay and stayed positive in H09.  
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Figure V.6. Mean auto-correlation function of the ISI (left) and ASYN series (right) generated with 
the ASYN-correction model, as obtained over 20 lags for the ISO, H02, H05 and H09 conditions.   

 

ρDCCA also further supported that the ASYN-correction model largely agreed with the 

ISIs series (Figure V.7).  

 

 
Figure V.7. ρDCCA for H02 (left), H05 (middle) and H09 (right), for experimental series (white) and 
ASYN-correction model series (black). 
  

Discussion 

 

We found that the spectral signatures of the ASYNs series were qualitatively different 

between ISO and non-ISO conditions. The SCPG-model adequately captured the experimental 

results in the ISO condition, but produced inappropriate results in the three non-ISO 

conditions. As an alternative, we proposed a model of stride time production in the non-ISO 

conditions based on the corrections of previous asynchronies. The model in question could 

reproduce the ISIs and ASYNs series in the non-ISO conditions but not in the ISO condition. 

This suggests that synchronization with ISO and non-ISO metronomes stem from qualitatively 

different underlying processes. Synchronization with non-isochronous metronomes may 
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simply be based on the correction of previous asynchronies to the metronome, whereas 

synchronization with an isochronous metronome appears to be based on a continuous 

coupling with the rhythm of the metronome (cf. the SCPG-model).  

All the models presented have methodological limitations. The series of 𝜔! 

frequencies in the SCPG-model are generated a priori and then implemented in the van der 

Pol equation; in fact that is what yields the desired temporal correlation structure in the 

absence of a (fractal) metronome. Not only is this at odds with the gist of self-organizing 

systems, it also fails to account for the potential perturbations that may arise during stride 

cycles in biological, ecologically valid situations (for example when walking faster). 

Moreover, the external forcing function in (1) is a mere cosine function, which renders this 

equation tractable mathematically but does not agree with the on/off-shape of a conventional 

metronome. A major limitation of the discrete error correction model is that it cannot predict 

stride-time values, but only reproduces experimental series. Future work should address this 

‘caveat’ in greater detail as the ultimate test for the quality of any model is its predictive value, 

here estimating self-paced walking from the paced conditions; see Appendix B for more 

details.   

Recent studies on sensorimotor synchronization with non-isochronous environments 

reported a matching of the fluctuation structure produced by participants to that of the 

environment (Marmelat & Delignières, 2012; Marmelat et al., 2014b; Stephen & Dixon, 

2011; Stephen et al., 2008). However, the present results indicated that when gait was paced 

with a non-isochronous metronome, the 1/f-structure observed in stride time series appeared 

as by-product of short-term corrections based on previous asynchronies with the metronome. 

Marmelat et al. (2014b) suggested that anti-persistent fluctuations under isochronous pacing 

and persistent fluctuations under fractal pacing reflect two distinct dynamic processes, 

because stride time series presented persistent fluctuations under fractal pacing independently 

of the coefficient of variation of inter-onset intervals. The present results support this idea: 

two different models were needed to reproduce ISIs and ASYNs series in ISO and non-ISO 

conditions. In a similar vein, Torre et al. (2013) suggested that two different models were 

required to describe the synchronization of tapping movements to isochronous vis-à-vis non-

isochronous metronomes. In that study, a linear correction of asynchronies appeared sufficient 

to model the ISO condition, whereas non-ISO conditions required a combination of 

corrections of ASYNs and a corrected copy of previous IOIs. In contrast, the present model of 
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asynchronies does not include any reference to previous IOIs, implying that during non-

isochronously paced walking the locomotory system does not take into account the structure 

of the IOIs fluctuations. Further investigations are necessary to determine if these two models 

are reconcilable in any way or, alternatively, which model has the edge, not only in explaining 

gait but also other rhythmic motor activities, such as wrist cycling, forearm oscillations or 

circle drawing.  

The SCPG-model is based on a continuous within-cycle coupling between the limbs 

and the rhythm of the metronome (Delignières & Torre, 2009; West & Scafetta, 2003). The 

model for the asynchronies, in contrast, is based on discrete, step-to-step corrections of 

previous ASYNs, similar to conventional linear phase correction (e.g., Schulze & Vorberg, 

2002; Vorberg & Wing, 1996). This model hence implies that each step is produced without 

any reference to the statistical structure of the metronome, which is at odds with the 

conclusions of Marmelat et al. (2014b), according to whom the correlation between the 

statistical structures of stride intervals and onset intervals is a hallmark of strong anticipation. 

Strong anticipation is related to synchronization between an organism and its environment on 

a broad range of time scales (Stephen & Dixon, 2011; Stephen et al., 2008; Stepp & Turvey, 

2009), and should be characterized by a high correlation between fractal exponents of the 

organism time series and fractal exponents of the environmental time series. The present 

results suggest that complexity matching, as indicated by the correlation between ISIs and 

IOIs fractal exponents, do not constitute conclusive evidence for strong anticipation.   

Although we used the same model for synchronization with an anti-persistent, random 

or fractal metronome, the correlation structure of the metronomes onsets influenced the 

correlation structure of the ISIs. As our model involves error correction based on previous 

asynchronies, it may seem trivial that the ISIs structure matched the IOIs structure in the three 

non-ISO conditions. However, the correlation coefficient 𝜌!""#  clearly revealed a more 

pronounced covariance between the ISIs and IOIs for the fractal metronome H09 compared to 

the other conditions. Interestingly, Marmelat et al. (2014b) found a match between the fractal 

exponents of the ISIs and IOIs over the long-term part of the DFA only for the fractal 

metronome. Collectively, these results suggest that gait synchronization with an external 

metronome may be improved by the presence of long-range correlations in that metronome.  
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Conclusion 

 

In line with previous results (Torre et al., 2013), both experimental and modeling 

results support the hypothesis that different control processes are involved during 

synchronization with isochronous and non-isochronous metronomes. Isochronous pacing of 

gait was simulated with a continuous coupling between the metronome rhythm and the lower 

limb dynamic, while non-isochronous pacing was accurately simulated only with a discrete 

error correction process. The latter result challenges the idea that strong anticipation underlies 

synchronization between participants and fractal metronomes. Interpersonal coordination 

represents another technique for pacing gait with fractal ‘external rhythms’ (Marmelat et al., 

2014a). In particular the authors found a high correlation between fractal exponents of 

participants stride time series within each pair. Future studies should determine if the so-

called ‘human-pacing’ situation can be modeled with the discrete error correction applied here 

in the ‘metronome pacing’ situations.  
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Appendix A: Windowed cross-correlation analysis between ISIs and IOIs 

 

In order to determine the most plausible and parsimonious model of local corrections 

of stride time, we performed a cross-correlation analysis between the ISI and IOI series as 

well as partial cross-correlation analyses controlling for previous IOIs and ASYNs. To avoid 

spurious effect due to series length, we used a detrended windowed cross-correlation (WCC) 

analysis, with a window size of 15 data-points, from lag -10 to lag 10 (Delignières & 

Marmelat, 2014). As we assumed that both ASYN and IOI series would influence the 

produced ISI, we also analyzed the WCC between the ISI and IOI series by controlling the 

first, first two or first three preceding ASYNs, and the first, first two or first three preceding 

IOIs. If the ASYNs would strongly influence the ISIs, then the WCC between the ISIs and 

IOIs should decrease when ASYNs are controlled. Conversely, if the IOIs would strongly 

influence the ISIs, then the WCC between ISIs and ASYNs should decrease when IOIs are 

controlled.   

 

 
Figure A1. Windowed cross-correlations (from lag -10 to lag 10) between the ISIs and IOIs, for the 
entire series (A), with control of the first (B.1), first two (B.2) or first three (B.3) asynchronies, and 
with control of the first (C.1), first two (C.2) or first three (C.3) inter-onset intervals. For ease of 
presentation, vertical dashed lines are centered on lag 0 and horizontal lines are centered on zero 
cross-correlation.  
 

WCC between ISIs and IOIs vanished in the three non-ISO conditions when the 

preceding ASYNs were controlled (Figure A1, upper panel), suggesting a strong influence of 
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ASYNs on ISIs. In contrast, residual WCC between ISIs and IOIs at lag 1 always remained 

when preceding IOIs were controlled (Figure A1, lower panel). Together these two results 

suggest a strong influence of previous ASYNs on current ISIs.  

 

Appendix B: Testing the unpaced situation 

With the definition 𝐴𝑆𝑌𝑁! = 𝐼𝑆𝐼!   –   𝐼𝑂𝐼! one may re-write model (V.8) as follows: 

𝐼𝑆𝐼! = 𝐶 + 𝑎 ∙ 𝐼𝑆𝐼!!!  –   𝐼𝑂𝐼!!! + 𝑏 ∙ 𝐼𝑆𝐼!!!  –   𝐼𝑂𝐼!!! + 𝑐 ∙ 𝐼𝑆𝐼!!!  –   𝐼𝑂𝐼!!! + 𝜂𝜀!  (B1) 

Suppose that we consider   𝐼𝑂𝐼! = 0 for the unpaced case. For model (V.8) this implies 

in the absence of a metronome the following discrete dynamics: 

𝐼𝑆𝐼! = 𝐶 + 𝑎 ∙ 𝐼𝑆𝐼!!! + 𝑏 ∙ 𝐼𝑆𝐼!!! + 𝑐 ∙ 𝐼𝑆𝐼!!! + 𝜂𝜀! (B2) 

Here all parameters should be given by the (regressed) metronome-paced conditions. 

We tested this with time series of an unpaced condition that participants had conducted prior 

to the pacing conditions (see again to Marmelat et al., 2014b, for further details about the 

experimental findings). As said, we applied the same set of coefficients as in the paced 

situations with disagreeing results: all simulated time series were close to white noise. When 

determining the coefficients 𝑎, 𝑏, and 𝑐 as the coefficients of the stepwise regression of 𝐼𝑆𝐼! 

on 𝐼𝑆𝐼!!! , 𝐼𝑆𝐼!!! , and 𝐼𝑆𝐼!!! , respectively, we obtained the values of 𝑎 = 0.1474 , 𝑏 =

0.1343, and 𝑐 = 0.1505, which are quite different from those in the paced conditions. This 

result suggests that pacing conditions correspond to correction processes, while in the 

unpaced conditions the memory of the preceding steps is being conserved. 
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Chapter 6 

 

Epilogue 

 

Summary of the main findings 

 

Considering that isochronous pacing alters time series dynamics from persistent fluc-

tuations to anti-persistent fluctuations (Delignières & Torre, 2009), this thesis aimed (i) to test 

alternative pacing strategies preserving the fractal structure of behavioral time series, based 

on the complexity matching hypothesis (West et al., 2008), and (ii) to determine if the distri-

butional matching is only influenced by the behavioral matching, i.e. if local cross-

correlations between time series can explain the correlation between fractal exponents.  

The study reported in Chapter 2 demonstrated the presence of complexity matching 

between participants involved in interpersonal coordination. The high correlation between the 

fractal exponents of time series of hand-held pendulum oscillations revealed distributional 

matching. The absence of (windowed) cross-correlations between time series suggested (i) 

that there was no leader within each pair, and (ii) that participants did not locally react to their 

partner’s fluctuations. These results supported the global strong anticipation hypothesis: syn-

chronization between complex systems leads to complexity matching over a large range of 

time scales (Stephen et al., 2008; Stepp & Turvey, 2009), which is not a simple consequence 

of behavioral matching. However, the nature of the task (i.e. bi-directional coupling) implied 

mutual adaptations from both participants. The following experiments thus focused on uni-

directional coupling, in ecological situations.  

In Chapter 3 it was investigated whether participants’ stride time series can match 

metronome onsets series in a walking task. Participants were able to synchronize their steps 

with non-isochronous metronomes similar to the synchronization with an isochronous metro-

nome, i.e. with a slight negative asynchrony to the metronomes. Complexity matching was 
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found only in situations in which metronome onsets presented long-range correlations, but not 

when they presented anti-persistent or random fluctuations. There was no evidence for any 

(windowed) cross-correlations between stride time series and onsets time series at any lag. 

This set of results suggested that (i) the observed complexity matching was not a consequence 

of local corrections of strides intervals based on previous onsets intervals, and (ii) it was in-

duced by the presence of specific long-range correlations in the metronome onsets, thus sup-

porting again that a global strong anticipation might be involved.  

It was further investigated if complexity matching was dependent on the nature of the 

environment (natural vs artificial) or whether it occurred on occasions when the environment 

presented 1/f-fluctuations. Complexity matching between stride-time series produced by par-

ticipants and by a ‘human pacer’ was therefore analyzed in Chapter 4. Follower fractal expo-

nents closely matched those of the leader. Complexity matching occurred even when the lead-

er produced anti-persistent fluctuations, contrary to the anti-persistent metronome in Chapter 

3. This finding suggested that interpersonal coordination in walking could be considered as an 

alternative pacing strategy for gait rehabilitation with patients or elderly, i.e. in populations 

with a deficit of the fractal structure of their stride time series toward randomness.  

In an attempt to gain insight into the processes involved in the production of stride-

time fluctuations under non-isochronous pacing observed in Chapter 3 (Experiment 2), two 

simple models were tested in Chapter 5. The SCPG model (West & Scafetta, 2003) was able 

to reproduce experimental results only for isochronous pacing. As an alternative I proposed a 

model based on corrections of the previous three asynchronies that was more consistent with 

the results of non-isochronous pacing. The latter challenges the idea that global strong antici-

pation is implied in synchronization with fractal rhythms. It seems (i) that isochronous and 

non-isochronous pacing refer to different control processes, as revealed by the different mod-

els, and (ii) that fractal and non-fractal (anti-persistent and random) pacing differently influ-

ence stride-time dynamics, as revealed by the persistent fluctuations vs anti-persistent fluctua-

tions, respectively, and by the fact that complexity matching only occurred in fractally paced 

conditions. 

In sum, the research presented in this thesis showed that synchronization with fractal 

rhythms may lead to persistent stride-time fluctuations, similar to those observed in self-paced 

situations. Interpersonal coordination and rhythmic auditory stimulation both implied com-

plexity matching of the behavioral time series to the external rhythm time series.  
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Synchronization with external fractal rhythms: what have we learned?  

 

In this section I will provide point-by-point answers to the questions listed in the General In-

troduction (Chapter 1).  

 

Can the fractal fluctuations of stride-time series be maintained when synchronizing 

one’s steps with a metronome? 

  

I demonstrated that participants were able to accurately and adequately synchronize with non-

periodic external rhythms, be it a metronome or a human partner. Mean asynchronies were 

slightly negative, revealing anticipation of heel strikes to the external rhythm. This negative 

mean asynchrony is a typical finding in the sensori-motor literature (Repp & Su, 2013).  

Synchronization with non-isochronous metronomes led to a higher standard deviation 

of the asynchronies compared to isochronous metronomes. Even though I did not focus on the 

question whether non-isochronous metronomes could increase the stability of coordination 

(i.e. reduce the standard deviation of the asynchrony series) or could increase the gait stability 

(i.e. reduce the standard deviation of the stride-time series), this finding is important. In-

creased stride-time variability was related to falls in the elderly (Hausdorff, 2007). It was 

hence important that the standard deviation of the stride-time series did not exceed a critical 

value. However, the non-isochronous metronomes themselves presented variability, implying 

that the focus should not be on the standard deviation of the time series but rather on their 

local variance (Torre & Balasubramaniam, 2011). As stressed in Intermezzo 2, the local vari-

ance represents the variability of the series of increments, and subsequently allows for a better 

estimation of the ‘step-to-step’ variability. In Chapter 3, the standard deviation of the stride-

time series increased when onset CV increased (Experiment 1), while it remained similar to 

the self-paced condition during isochronous pacing. As such, this result could be taken to im-

ply that non-isochronous pacing increased gait variability and thus would not be a valuable 

candidate for pacing gait in rehabilitation protocols. However, the local variance showed a 
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different picture: both in Experiment 1 and 2 there were no significant differences between 

any conditions (Figure VI.1). It might thus be argued that synchronization with non-

isochronous metronomes does not decrease gait stability. This claim calls for further investi-

gation using different measures of gait stability, in particular local dynamic stability (Nessler 

et al., 2009; Terrier & Deriaz, 2011; 2013).  

 

 

 
Figure VI.1: Standard deviation (left) and local variance (right) of stride-time series in Experiment 1 
(up) and Experiment 2 (bottom).  
 

What properties should such a metronome have to induce or even optimize synchroni-

zation?  

 

The set of results presented in Chapter 3 showed that traditional measures of synchronization 

did not allow for a discrimination between conditions: mean asynchronies were statistically 

similar in isochronous and non-isochronous conditions. Moreover, the local variances of 

asynchronies were similar between different non-isochronous metronomes for a fixed CV 

(Chapter 3, Experiment 2). It further became evident that the presence of (any kind of) fluctu-

ations in the inter-onset intervals of the metronome did not explain the presence of persistent 

fluctuations in stride-time series. Indeed stride-time series were anti-persistent without any 

long-range correlations in the onset series. Further studies should investigate the continuum of 

Hurst-exponents from 0.5 to 0.9 with small increments and the same metronome for all partic-
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ipants to observe whether a threshold can be identified where stride intervals switch from an-

ti-persistent to persistent fluctuations.  

Experiment 1 showed that the CV of metronome onsets must remain within a limited 

range, ideally the range of biological variability. Too much variability in the inter-onset struc-

ture could lead to increased reaction processes, as suggested by the increase of windowed 

cross-correlations between stride-time and onset series, and by the increase of the standard 

deviation (and local variance) of the asynchrony series. These quantitative results were con-

firmed by the subjective appreciation of participants of the tasks: ISO, CV 0.5% and CV 1% 

were perceived to have the same level of (low) difficulty, while the difficulty of the task was 

perceived to increase with increasing CV. However, the adaptation of this protocol for patho-

logical populations will have to be based on further investigations. For example, given that 

persons with Parkinson’s disease present higher CV-s of stride intervals (Hausdorff, 2007; 

2009), it will have to be determined if the CV of the onsets must remain within the range of 

natural ‘healthy’ variability, or within the range of natural ‘specific population’ variability. 

Ideally, the fluctuations should not induce any spurious ‘dual task’ effects by increasing the 

attentional demands (Peper et al., 2012). This relates to the problem of the perception of vari-

ability in acoustic stimulation.  

Hennig et al. (2011) reported evidence for the ability of humans to perceive 1/f-

fluctuations in music and their preference for this structure compared to ‘uncorrelated music’. 

Chapter 3 confirmed these results in the context of sensori-motor synchronization: partici-

pants subjectively perceived the variability of the metronomes (see answers to the questions, 

Intermezzo 2), and they matched their stride-time structure to the metronome structure only 

when 1/f-fluctuations were present in the onset intervals. An essential limitation of this line of 

thinking is that the local variance is theoretically inversely proportional to the level of persis-

tence within the signals, that is for signals with different Hurst-exponent but similar CV (Tor-

re & Balasubramaniam, 2011). Further studies should investigate whether constant values of 

local variance in inter-onset intervals could modify the perception of variability.   

 

What control processes are involved in such a synchronization task?  

 

The complexity matching observed between participants and external rhythms in 

Chapters 2, 3, and 4 suggested that ‘strong anticipation’ as underlying control process might 
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be a likely candidate. The absence of local cross-correlations between time series supported 

the assumption that the correlation between fractal exponents could not have simply been the 

consequence of the alignment of discrete events. In Chapter 5, the validity of the global strong 

anticipation hypothesis was questioned. I showed that a model of stride-time production based 

on the correction of the three previous asynchronies did a better job at reproducing the exper-

imental time series characteristics, independent of the structure of fluctuations. Recently, Tor-

re et al. (2013) showed that a model, based on a copy of the previous inter-onset interval and 

of the asynchronies, could reproduce the inter-tap time series of a finger tapping synchroniza-

tion task with non-isochronous metronomes. This seems to support a local form of strong an-

ticipation: an appropriate coupling between the organism and its environment (Stephen & 

Dixon, 2011; Stepp & Turvey, 2009). It is thereby noteworthy that behavioral matching is 

likely to induce short-term corrections, due to the specific instructions to participants to accu-

rately synchronize with the external rhythms.  

The metronomes presenting 1/f-fluctuations differed from the others in several aspects. 

First, these formed the only condition where participants produced persistent fluctuations 

when synchronizing. It was also the only condition where a complexity matching occurred, as 

revealed by the correlation between fractal exponents. This result suggested that the presence 

of 1/f-fluctuations could be the cause of complexity matching, but this assumption was refuted 

in Chapter 4, where a complexity matching was observed between leader and follower expo-

nents, even when the leaders presented anti-persistent fluctuations. Finally, the DCCA results 

(Chapter 5) indicated higher ‘long-range cross-correlations’ when the metronome onsets pre-

sented long-range correlations.   

 

Does complexity matching occur during absolute coordination with 1/f-rhythms? 

 

Previous studies provided evidence for complexity matching between behavioral time 

series and chaotic metronome onset series, characterized by a high correlation between fractal 

exponents (Stephen et al., 2008; 2011). However the authors reported that participants did not 

accurately synchronize their behavior with the metronome onsets. I highlighted a complexity 

matching effect in absolute coordination tasks, independent of the nature of the external 

rhythms (human or metronome).  

The present thesis only addressed the special case of complexity matching during in-

tentional coordination tasks. This choice allowed comparison of isochronous and non-
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isochronous pacing conditions. Intentional coordination can be considered as only one (sim-

plified) form of complexity matching, namely behavioral matching, based on the intended 

alignment of temporal events. West et al. (2008) proposed that complexity matching is also 

likely to occur between different systems that are not necessarily locally matched (for exam-

ple between heartbeat intervals and cortical fluctuations). This is not a temporal but a distribu-

tional alignment of events, which corresponds to a distributional matching (Abney et al., 

2013). Importantly, the complexity matching observed in my work was present only in the 

long-range regions of the diffusion plots. The DCCA results supported this finding, with only 

low coefficients for small windows but increasing coefficients with increasing window size. It 

is however noticeable that the DCCA tends to ‘inflate’ the cross-correlation for large win-

dows (Delignières & Marmelat, 2014).  

 

Does behavioral matching lead to distributional matching independent of the stimula-

tion properties?  

 

Behavioral matching was defined as a pure alignment of events (minus some errors). It 

might therefore seem trivial to expect distributional matching from behavioral matching if the 

events were perfectly matched. However, in spite of a relatively high accuracy of synchroni-

zation for any metronome, the fractal exponents of stride-time series from participants 

matched those of the metronome onset series only for the fractal metronome (Chapter 3). In 

other words, behavioral matching was not sufficient to induce distributional matching. More-

over, the fractal exponents never correlated in the short-range regions, in any experiment pre-

sented in this thesis.  

It is interesting to compare the condition H02 (Chapter 3) and the condition ISO 

(Chapter 4), because in both conditions participants were instructed to synchronize with an 

‘anti-persistent’ rhythm. The fractal exponents were not correlated in the short-range regions 

in the two conditions, but they did correlate in the long-range region during the ISO condition. 

These two conditions presented notable differences: the coupling (visual vs auditory, continu-

ous vs discrete) and the nature of the external stimulation (metronome vs human). This opens 

up a new set of questions about the conditions of the complexity matching. Does a continuous 

coupling always lead to a distributional matching? Can we obtain the same result for the syn-

chronization with ‘fractal stepping stones’ (Bank et al., 2011)? 
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Methodological considerations 

 

It was recently shown that persons with Parkinson’s disease walking with an interac-

tive walk-mate system increased the fractal exponent of their stride-time series towards 

healthy levels (Hove et al., 2012; Uchitomi et al., 2013). The authors showed that this effect 

occurred only with the interactive walk-mate system but not with a fixed tempo or 1/f-tempo. 

However, participants were not explicitly instructed to synchronize with the stimuli in any of 

the conditions. They did not synchronize with the fixed or 1/f-tempi, but did synchronize with 

the walk-mate system due to the system’s characteristics. It remains unclear if the increase of 

fractal exponent was due to the interactive walk-mate system or if it was a consequence of the 

synchronization with a non-isochronous stimulus. The different experimental situations pre-

sented in Chapters 2 to 4 presented intended synchronization, i.e. participants were always 

instructed to follow the beat of a metronome or the movement of a human partner. This 

choice was highly motivated by the intention to compare fractal cueing with more traditional 

isochronous cueing. Further investigations should compare the effect of the ‘intention to syn-

chronize’ on the fractal exponents.  

In the present thesis, all walking tasks were conducted on a treadmill. Treadmill and 

over-ground walking present notable differences: treadmill walking is associated with a high-

er metabolic cost through increased heart rates and oxygen uptakes (Parvateneni et al., 2008). 

However, it seems well established that gait kinematics is rather similar during treadmill and 

over-ground (Parvateneni et al., 2008; Riley et al., 2007). There is no such consensus con-

cerning the effect of treadmill on the fractal exponent of stride intervals. Terrier and Deriaz 

(2011) showed that treadmill walking significantly reduced the fractal exponents of stride-

time series (although fluctuations were still persistent). They suggested that the treadmill 

could act as a pacemaker and thus lead to the reduction of the fractal exponents as observed 

for auditory paced walking (Hausdorff et al., 1996). In contrast, Chang et al. (2009) found no 

differences in the fractal exponents of stride-time series between over-ground and treadmill 

conditions, but an increase when a front handrail supported treadmill walking. Bollens et al. 

(2010) also found no differences between over-ground and treadmill walking performed on 

different days. Moreover, they showed that treadmill results were reproducible between ses-

sions performed on consecutive days. The authors thus concluded that treadmill walking rep-

resents a valid tool for the assessment of stride-time dynamics. It is noteworthy that all these 
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studies included only a relatively small sample of participants, and did not use the same 

methods for estimating fractal exponents. Further investigations should include (i) a large 

group of participants, (ii) repeatable conditions in order to validate the reproducibility of frac-

tal exponent estimations, and (iii) sufficiently long recordings, in order to reduce the variabil-

ity of the individual estimation of the fractal exponents.  

The accuracy of the estimation of fractal exponents is closely related to the length of 

the time series. The estimation of the ‘true’ scaling-exponent requires theoretically unbounded 

time series of infinite length (Eke et al., 2000), so physiological time series should be record-

ed over very long time lengths. But fractal analyses are only relevant when the system under 

study remains ‘stable’ over time, and the lengthening of the experimental condition might 

lead to increased level of fatigue or decreased level of attention (Madison, 2001), and thus to 

non-stationarity. It was therefore necessary to find an adequate compromise between these 

two constraints. Weron (2002) showed that DFA was the best candidate for any time series 

length. In particular he found a standard deviation of 0.12 for series of 256 points (H = 0.5). 

Delignières et al. (2006) confirmed that the DFA was the more reliable method for stationary 

‘short’ time series (256 or 512 points) with Hurst-exponents ranging from 0.1 to 0.9. It was 

noticeable that the standard deviation of the fractal exponents increased for persistent time 

series (H > 0.5). Damouras et al. (2010) recently compared the estimation of the fractal expo-

nent from the DFA for stride-time series of different lengths in over-ground and treadmill 

walking. They recommended a minimum time series length of 500 points for estimating the 

fractal exponents with a standard deviation of 0.5. Pierrynowski et al. (2005) also suggested 

that three repetitions of the same 6-min condition should provide a reliable estimation (relia-

bility of 0.821) of the fractal exponent of stride-time series. However, the different experi-

mental situations considered in this thesis did not allow for so many repetitions, due to the 

large number of different conditions. Future investigations should focus on fewer conditions 

each repeated more often, in order to increase the estimation accuracy of the fractal exponents, 

while preventing participants from becoming fatigued or disinterested.  

Only one variable was recorded and analyzed during the different experiments (oscil-

lations series or stride time series). It was recently reported that stride speed series present 

anti-persistent fluctuations during treadmill walking (Dingwell & Cusumano, 2010). It would 

have been interesting to also record the stride length and stride speed series to gain insight 

into the control processes during non-isochronous pacing.  
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Finally, if external fractal rhythms help to preserve persistent fluctuations in behavior-

al time series, what is the ‘metabolic cost’ for this effect? Externally paced walking is associ-

ated with increased attentional demands (Peper et al., 2012), and likely also with a higher en-

ergetic expenditure. A major challenge is to use the external fractal rhythms to increase the 

stride-time dynamics in diseased populations but this can be done only if the stimulation con-

ditions do not imply critical metabolic increases.  

 

Future directions 

 

What should be the properties of a fractal metronome for diseased populations? 

 

A potential application of the present findings is the use of metronomes containing 

long-range correlations to improve stride-time dynamic in elderly or patient populations such 

as individuals suffering Parkinson’s disease. Several studies have reported modification of the 

stride-time dynamic in Parkinson’s disease using interactive metronomes (Hove et al., 2012; 

Uchitomi et al., 2013). From a distributional matching perspective, one would expect a corre-

lation between the fractal exponents of the metronomes and those of the stride-time series of 

subjects with Parkinson’s disease. Investigating non-isochronous pacing strategies for patient 

populations introduces several methodological issues. For example, should the metronome CV 

be based on the healthy population (i.e. stride time CV = 1%), or on the population under 

study (i.e. stride time CV up to 8.8 ± 7.9 % for Parkinson’s disease; Schaafsma et al., 2003)? 

Another important issue concerns the type of stimulation applied to these populations. For 

example, Hove et al. (2012) and Huchitomi et al. (2013) showed that an interactive auditory 

rhythm can increase the fractal exponent of stride-time series in persons with Parkinson’s 

disease, with a significant post-effect. It would be interesting to investigate different forms of 

auditory stimulation with 1/f-structures, such as an interactive metronome, a fractal metro-

nome or music to check if the increase of fractal exponent was due to the specific interactive 

metronome or only to the presence of fluctuations in the auditory stimulation.  

In view of the results of Chapter 4, it is necessary to compare the ‘human pacing’ 

strategy for elderly persons and persons with Parkinson’s disease. Auditory and visual cueing 

improve stride length and stride speed (Azulay et al., 1998; Spaulding et al., 2013). In particu-
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lar, placing parallel white stripes on the floor has been shown to improve the locomotion of 

Parkinsons patients (Azulay et al., 1998). To my knowledge, there is currently no study inves-

tigating the effect of interpersonal coordination elderly or Parkinson patients. This perspective 

raises a number of questions: Could interpersonal coordination in Parkinson’s disease reduce 

the freezing of gait? Could walking side-by-side with a young healthy person increase the 

fractal exponent of stride-time series of elderly? Interpersonal coordination and auditory cue-

ing refering to different mechanisms (visual dependence and auditory dependence, respective-

ly), it would thus be necessary to compare the efficiency of each form of stimulation as well 

as their combination (Spaulding et al, 2013).  

 

Does complexity matching occur during unintentional synchronization?  

 

As emphasized earlier, the nature of the task, i.e. intentional synchronization, leads to 

short-term dependencies to avoid large divergences from the external rhythm. Moreover, ab-

solute intentional synchronization is rare in ecological situations, with some exceptions (like 

in rowing, synchronized swimming or military parade). The research reported in this thesis 

showed that behavioral matching did not necessarily induce distributional matching (cf. Chap-

ter 3). Does the complexity matching depend on the intention to synchronize? This question 

could be easily verified, for example by replicating the experiment in Chapter 4 but now with 

‘unintentional synchronization’ conditions before the ‘intentional conditions’. Nessler et al. 

(2011) reported that the fractal exponent of stride intervals during unintended interpersonal 

coordination remained unchanged compared to an individual condition, while it decreased 

during intentional coordination. The authors only recorded one participant within each pair, so 

it is impossible to evaluate the presence of complexity matching. They suggested that uninten-

tional coordination helps to preserve the natural stride-time dynamic, but it could be that par-

ticipants walked at their own rhythm, with a very limited influence of their partner’s stride-

time dynamics. It would therefore be useful to investigate unintentional interpersonal coordi-

nation for a participant with a reduced stride-time fractal exponent. It could be an elderly or a 

person with Parkinson’s disease, but it follows from the findings in this thesis that it could 

also be a healthy participant synchronizing with isochronous or anti-persistent metronomes, in 

which participant stride time series would present anti-persistent fluctuations. For example the 

participant could be instructed to walk (i) on his own paced by a metronome, (ii) side-by-side 

with another participant and paced by a metronome, and (iii) side-by-side with another partic-
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ipant without a metronome. This could allow determining the influence of unintentional inter-

personal coordination on the gait fractal dynamics.  

 

Can complexity matching occur between multiple systems?  

 

In general, synchronization has been studied in one of two situations: between a partic-

ipant and a metronome (for a review, see Repp, 2005; 2013) or between two participants 

(Schmidt et al., 2011). Only recently have a few studies focused on interpersonal coordination 

with more than two participants (Richardson et al., 2012) using only behavioral matching 

variables (relative phases mean and SD). The analysis of the complexity matching between 

multiple participants could open new perspectives. For example, is there an ‘attraction’ to the 

participant with the highest fractal exponent, or is there a ‘mean fractal exponent’ represent-

ing some average of individual values? Recently Konvalinka et al. (2011) showed that the 

heartbeat dynamic of a fire-walker synchronized with a related spectator (e.g., his wife), but 

not with a unrelated spectator – a representative example of unintentional synchronization 

between two socially connected participants.  

Synchronization could also be analyzed between multiple human subsystems. Accord-

ing to its fundamental assumptions, the complexity matching effect could also occur within 

complex systems (West et al., 2008). The human body is a complex system as a whole, com-

posed of multiple interacting complex subsystems (like the heart, the brain, each of them 

composed of multiple cells regrouped in areas…). From this perspective, there might exist a 

complexity matching between the time series produced by different human subsystems during 

rhythmic activities. Testing this possibility brings along several methodological challenges, 

both with regard to the experimental recordings (e.g., it remains difficult to record EEG dur-

ing ecological situations such as walking) and with regard to the analysis of the recorded time 

series (e.g., trends in the heartbeat fluctuations in walking could be influenced by the task 

itself). If tested, this complexity matching effect could lead to new research questions: Can we 

change the fractal dynamic of heartbeat fluctuations by simple walking (in synchronization 

with an external fractal rhythm or not)?  

Very recently, Smit et al. (2013) showed that the structure of behavioral fluctuations 

can be predicted from the structure of fluctuations in oscillatory brain activity. This might be 

interpreted as a particular form of distributional matching. But beyond the perspective of 
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‘complexity matching’, I believe it will become more and more urgent to record different sub-

systems synchronously. Not only will this help to gain further insight into the underlying bio-

logical processes and their interactions, but also to identify potential new non-invasive bi-

omarkers for preventing neurodegenerative diseases and for improving rehabilitation.  
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Annex 1 

 

Relative roughness: An index for testing the suitability of 
the mono-fractal model 

 

 

 

Fractal analyses have become very popular and have been applied to a wide variety of empiri-

cal time series. The application of these methods supposes that the mono-fractal framework 

can offer a suitable model for the analyzed series. However, this model takes into account a 

quite specific kind of fluctuations, and we consider that fractal analyses have been often ap-

plied to series that were completely outside of its relevance. The problem is that fractal meth-

ods can be applied to all types of series, and they always give a result, that one can then erro-

neously interpret in the context of the mono-fractal framework. We propose in this paper an 

easily computable index, the relative roughness, defined as the ratio between local and global 

variances, that allows for testing for the applicability of fractal analysis. We show that relative 

roughness is confined within a limited range (between 1.21 and 0.12) for long-range correlat-

ed series. We propose some examples of empirical series that have been recently analyzed 

using fractal methods, but, with respect to their relative roughness, should not have been con-

sidered in the mono-fractal model. An acceptable level of relative roughness, however, is a 

necessary but not sufficient condition for considering series as long-range correlated. Specific 

methods should be used in complement for testing for the effective presence of long-range 

correlations in empirical series.  

 

Published as: 

Marmelat V, Delignières D (2012) 
Relative roughness: An index for testing the suitability of the mono-fractal model 

Frontiers in Physiology / Fractal Physiology, 3, 208 
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Introduction. 

 

Long-range correlations (LRC) represent a very special kind of fluctuations in time se-

ries. In a long-range correlated series, the current value is related to a large set of previous 

values, often hundreds. Intuitively, the concept of short-term correlation is easily conceivable: 

the current value can, for example, keep a memory of the just previous value, as in one-order 

autoregressive processes. The concept of LRC is less intuitive: Correlations appear simulta-

neously among all time scales, and are not confined on the short term: The current value 

seems to possess the memory of the whole previous history of the series.  

LRC have been discovered in the dynamics of a number of natural and physical sys-

tems, including for example the series of discharges of the Nile (Hurst, 1951), the series of 

magnitudes of earthquakes (Matsuzaki, 1994), the evolution of traffic in Ethernet networks 

(Leland et al., 1994), or the dynamics of self-esteem over time (Delignières et al., 2004). In 

the domain of human movement, LRC have been evidenced in serial reaction task (Gilden, 

1997; Van Orden et al., 2003), in finger tapping (Gilden et al., 1995; Lemoine et al., 2006), in 

stride duration during walking (Hausdorff et al., 1995), or in relative phase in a bimanual co-

ordination task (Torre et al., 2007a). 

LRC appear as a ubiquitous phenomenon, and this is one of the reasons that motivated 

its scientific appeal. However, LRC should not be considered only a mathematical curiosity: a 

number of authors suggested that LRC in a time series is the hallmark of the complexity of 

the system that produced the series. Complexity, in this context, is conceived as the rich set of 

interactions between the multiple components that compose the system. LRC have been par-

ticularly studied in physiology and movement sciences, and have been recurrently evidenced 

in the series produced by young and healthy organisms. In contrast, LRC disappeared in the 

series produced by aged or pathologic systems (Hausdorff et al., 1997; Goldberger et al., 

2002). This result has been interpreted as the hallmark of a loss of complexity, induced by 

aging or disease.   

LRC analyses are based on the mono-fractal model, initially introduced by Mandelbrot 

and van Ness (1968). This model is supported by a number of basic assumptions that should 

be satisfied for a proper use of the analysis methods and for sustaining consistent interpreta-

tions. In general, statistical models allow the use of formal statistical properties for analyzing 
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the properties of empirical data, but this is only possible if there is a kind of analogy between 

the formal properties of the model and those of the analyzed data. 

This principle was at the origin of Stevens’ theory of scales of measurement (Stevens, 

1951). As stated by Stevens, measuring is acceptable from the moment where there is a corre-

spondence between the empirical properties of the observed phenomenon and the formal 

properties of numbers. In that case, the latter can serve as a model for the former. Stevens 

described four levels of measurement (nominal, ordinal, interval and ratio), each level being 

characterized by distinctive properties, and especially by the set of mathematical operations 

that it allows. Each empirical phenomenon has properties that refer to a specific level of 

measurement, and any reference to a higher level causes erroneous uses of numbers and inad-

equate statistical descriptions  

A similar reasoning can be sustained for normality. The suitability of parametric statis-

tical tests depends on the adequacy of the normal distribution for accounting for the actual 

distribution of the analyzed samples. This assumption, basically, suggests that each value 𝑥! 

in the sample is composed of the additive combination of a ‘true’ value 𝜇 and random, nor-

mally distributed noise (Eq. A1.1).  

𝑥! = 𝜇 + 𝜀!  (A1.1) 

This model supposes that the random term accounts for the multiple uncontrolled fac-

tors that affect the measure (individual characteristics, experimental errors, etc.). Considering 

that this random term is centered on zero, averaging the sample converges towards 𝜇. The 

distribution of the sample is supposed to be normal, thanks to the normality of the random 

term, and the statistical properties of the normal distribution can be applied.  

Note, however, that it is possible to use forbidden operations, with regards to the level 

of measurement, or to apply parametric statistics to non-normal samples. These operations 

may give bogus results, and statistic tests will yield erroneous conclusions, but in both cases 

one will obtain a ‘result’. A similar problem can occur with the mono-fractal model. Fractal 

methods can be applied to all types of series, in absolute terms, and they always give a result, 

that one can then erroneously interpret in the context of the mono-fractal framework. 
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Our aim in the present paper is to provide researchers with some indications for as-

sessing the suitability of the mono-fractal framework for serving as a model for a given time 

series. In a first step it seems necessary to present in more details the mono-fractal model.  

 

The mono-fractal model 

 

This model has been introduced by Mandelbrot and van Ness (1968), and is composed 

of two distinct families of processes, fractional Gaussian noises (fGn) and fractional Browni-

an motions (fBm). These two families represent extensions of two well-known stochastic pro-

cesses, white noise and Brownian motion. Brownian motion represents the displacement ob-

tained by the iterative summation of uncorrelated, normally distributed increments. In other 

words, Brownian motion is the integration of a white noise process. An important property of 

Brownian motion is that its expected displacement is proportional to the square root of the 

expended time.  

fBm extends the concept of Brownian motion by allowing the successive increments 

to be correlated over time. A positive or persistent correlation signifies that an increasing 

trend in the past is likely to be followed by an increasing trend in the future. Conversely, a 

negative or anti-persistent correlation signifies that an increasing trend in the past is likely to 

be followed by a decreasing trend. 

Mathematically, a fBm series is characterized by the following scaling law:  

 𝑆𝐷 𝑥 ∝ Δ𝑡!  (A1.2) 

which signifies that the standard deviation of the process is a power function of the time in-

terval (Δt) over which it was computed. H is the Hurst-exponent and can be any real number 

in the range 0 < H < 1. Anti-persistent series are characterized by H < 0.5, and persistent se-

ries by H > 0.5. Brownian motion corresponds to the special case H = 0.5 and constitutes the 

frontier between anti-persistent and persistent fBm. Equation (A1.2) expressed the so-called 

diffusion property of fBm processes. With respect to the standard diffusion of Brownian mo-

tion (standard deviation is proportional to the square root of time), anti-persistent fBm are 
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said to be under-diffusive, and persistent fBm over-diffusive. We present in Figure A1.1 (top 

row) three example fBm series, for three different H-exponents.  

 

 
Figure A1.1. Top row: example series of fractional Brownian motions (fBm) for three typical values 
of the scaling exponent. The central graph represents ‘ordinary’ Brownian motion (H = 0.5). The left 
graph shows an anti-persistent fBm (H = 0.25) and the right graph a persistent fBm (H = 0.75). The 
corresponding fractional Gaussian noises series (fGn) are displayed in the bottom row.   

 

Fractional Gaussian noise (fGn) is defined as the series of successive increments in a 

fBm. In other words a fGn is the differentiation of a fBm, and conversely the integration of a 

fGn gives a fBm. Each fBm is then related to a specific fGn, and both are characterized by the 

same H-exponent. We present in the bottom row of Figure A1.1 the fGn series corresponding 

to the fBm series just above. The fGn family is centered around white noise (H = 0.5), which 

represents the boundary between anti-persistent and persistent fGn.  

These two families of processes possess fundamentally different properties: fBm se-

ries are non-stationary with time-dependent variance (diffusion property), while fGn are sta-

tionary with constant expected mean and variance over time. As previously explained, fGn 

and fBm can be conceived as two superimposed families, invertible in terms of differentiation 

and integration.  

Another useful conception is to conceive these two families as representing a continu-

um, ranging from the most anti-persistent fGn to the most persistent fBm. This fGn/fBm con-
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tinuum is characterized by the presence of scaling laws that could be expressed in the fre-

quency or in the time domain. In the frequency domain, a scaling law relates power (i.e. 

squared amplitude) to frequency according to an inverse power function, with an exponent β:  

𝑆 𝑓 ∝ 1 𝑓! (A1.3) 

This scaling law determined via the power spectral density (PSD), which reveals β as the neg-

ative of the slope of the log-log representation of the power spectrum (Figure A1.2). The 

fGn/fBm continuum is then characterized by exponents β ranging from –1 to 3 (see Figure 

A1.4).  

 

 
Figure A2.2. Power Spectral Density analysis. The exponent β is given by the negative of the slope 
of the log-log representation of the power spectrum. 

 

In the time domain, the typical scaling law states that the standard deviation of the integrated 

series is a power function of the time over which it is computed, with an exponent α. Consid-

ering a time series 𝑥 𝑖 :  

𝑦 𝑖 = 𝑥 𝑘!
!!!  

𝑆𝐷 𝑦 ∝ 𝑛! (A1.4) 

This scaling law is exploited by the detrended fluctuation analysis (DFA) that reveals 

α as the slope of the log-log diffusion plot (Figure A1.3). The fGn/fBm continuum is charac-

terized by exponents α ranging from 0 to 2 (see Figure A1.4). Note that the scaling law ex-
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pressed in Eq. 4 just derives from the original definition of fBm (Eq. 1). If the series 𝑥 𝑖  is a 

fGn, y(i) is the corresponding fBm and α is the Hurst exponent. If 𝑥 𝑖  is a fBm, 𝑦 𝑖  belongs 

to another family of super-diffusive processes, characterized by exponents α ranging from 1 

to 3, and in that case α = H + 1. 

The different exponents that characterize these scaling laws are mutually linked by the 

following relations:  

For fGn series:  

 β = 2H – 1  and  α = H (A1.5) 

For fBm series:  

 β = 2H +1  and  α = H + 1 (A1.6) 

For fGn and fBm series:  

 β = 2 α – 1  or  α = (β + 1)/2 (A1.7) 

 

 

 
Figure A1.3. Detrended fluctuation analysis. The exponent α is determined as the slope of the log-
log diffusion plot.	  

	  

α	  α	  



128	   ANNEX	  1	  
	  

 

Figure A1.4. Representation of the fGn/fBm continuum. The continuum is characterized by expo-
nents β ranging from -1 to 3, and by exponents α ranging from 0 to 2. White noise corresponds to 
β = 0 and α = 0.5, and Brownian motion to β = 2 and α = 1.5. Long-range correlations are considered 
to appear between β = 0.5 and β = 1.5. β = α = 1 corresponds to ideal 1/f-noise 

 

The exponents provided by PSD and DFA (β and α, respectively), are useful because 

they allow for unambiguously distinguishing between fGn and fBm series, which could be 

characterized by the same H-exponents.  

In this fGn/fBm continuum, LRC are generally considered to appear in a narrow 

range, between β = 0.5 and β = 1.5 (i.e. between α = 0.75 and α = 1.25, see Wagenmakers et 

al., 2004). This range is centered on β = α = 1, corresponding to the ideal 1/f-noise. Long-

range correlated series present typical fluctuations, often referred to as 1/f-fluctuations, char-

acterized by multiple interleaving waves. As can be seen in Figure A1.4, with the increase of 

the scaling exponent (α or β), the series becomes smoother and less stationary. Within this 

continuum, LRC series are characterized by a weak stationarity, and a median level of rough-

ness.  

 

An index of relative roughness 

 

As previously stated, our aim in this paper is to provide researchers with some indica-

tions for assessing the suitability of the mono-fractal model for a given time series. A number 

of procedures can be proposed, which are often complicated and laborious. We think, howev-
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er, that the property of roughness, previously evoked, could support a very simple and easily 

computable index for testing this suitability.  

Roughness has been extensively used for characterizing the texture of surfaces 

(Thomas, 1999). In this context, roughness can be quantified by the deviations of a real sur-

face from its ideal form. If deviations are large, the surface is rough, and the surface is smooth 

if deviations are small. A number of roughness parameters have been proposed, for example 

the mean roughness, defined as the arithmetic average of the absolute values of the deviations 

from the ideal surface, or the root mean square roughness, defined as the root mean square 

average of these deviations. 

In the domain of time series analysis, roughness refers to the level of short-term irreg-

ularity in the evolution of the series. As previously proposed, roughness appears as a typical 

property of 1/f-fluctuations, and we think that it could be useful for assessing the suitability of 

the mono-fractal model for a given series. Roughness in a series can be assessed by the com-

putation of local variance (Madison et al., 2009). Local variance can be defined as the varia-

bility between adjacent points in the series. This source of variance in a series is independent 

of others typical sources, such as long-term drifts (Madison et al., 2009), or more local trends 

induced by serial correlations (Torre & Balasubramaniam, 2011).  

An easy way for estimating local variance is to compute the variance of the series of 

increments in the original series (Torre & Balasubramaniam, 2011). Some other estimates 

have been proposed: for example Collier and Ogden (2004) and Madison et al. (2009) as-

sessed local variance through the average of the squared differences between adjacent values, 

and Delignières et al. (2004) used the average of the absolute differences between adjacent 

values. Despite some algorithmic divergences, all these measures provide equivalent 

measures of local variability, in terms of variance or standard deviation.  

Local variance, however, cannot in isolation provide a relevant indication for the suit-

ability of the mono-fractal model. As previously stated, local variance is independent of the 

strength of serial correlations in the series: similar patterns of correlation can be obtained with 

different levels of local variance, and conversely identical levels of local variance could ap-

pear in series possessing different levels of serial correlation (Torre & Balasubramaniam, 

2011). The problem is to assess the relative contribution of local variance to the global vari-
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ance of the series. To this end, we propose an index of relative roughness (RR), defined as the 

ratio between local variance and global variance.  

Consider a series 𝑥!. Local variance (LVar) can be expressed as:  

𝐿𝑉𝑎𝑟 𝑥! = 𝑉𝑎𝑟 𝑥! − 𝑥!!! = 2 𝑉𝑎𝑟 𝑥! − 𝛾! 𝑥!  (A1.8) 

γ1(xi) representing the lag 1 auto-covariance – note that by this definition 𝐿𝑉𝑎𝑟 equals the lag 

1 mean square displacement of 𝑥!. One can then obtain the following expression for RR:  

𝑅𝑅 = 2 1− !! !!
!"# !!

 (A1.9) 

This equation suggests that for a white noise process, local variance should be twice 

the global variance, and RR should equal 2. One could also expect a progressive decrease of 

RR with the increase of serial correlations in the series. Finally, the diffusion property sug-

gests that for fBm series global variance increases with series length. As a consequence, for 

fBm series RR should decrease as series length increases.  

In order to analyze the evolution of RR according to the strength of serial correlations 

in the series, we generated exact fractal series with α-exponents ranging from 0.1 (highly anti-

persistent fGn) to 1.9 (highly persistent fBm), by steps of 0.1, using the algorithm proposed 

by Davies and Harte (1987). In order to check the effect of series length on RR, we worked on 

series of 512, 1024, and 2048 data points, which correspond to the series lengths mostly used 

in the literature. One hundred series were generated for each α-value and each series length. 

The results are illustrated in Figure A1.5. As expected RR decreased as correlations increased 

in the series. RR was about 2.0 for white noise, and anti-persistent fGn series were character-

ized by values greater than 2.0, up to 2.9 for the most anti-persistently correlated series 

(α = 0.1). For fBm series RR presented an asymptotical trend toward zero as α increased. As 

expected, series length affects RR, but this effect is located in a narrow range of anti-

persistent fBm (between α = 1.0 and α = 1.4).  
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Figure A1.5. Relative roughness as a function of the scaling exponent α  in simulated fGn and 
fBm series. Results are given for series lengths of 512, 1024, and 2048 data points.  

 

We present in Table A1.1 the details of the results for the range 0.5-1.5. We obtained 

for 1/f-series (α = 1.0) a mean RR ranging from 0.4 to 0.5, depending of series length. On the 

basis of these results, it is possible to roughly estimate the limits of the range of RR values 

corresponding to the series that are usually considered as long-range correlated 

(0.75 < α < 1.25). For series of 512 points, RR should be approximately comprised between 

1.24 and 0.28, for series of 1024 points between 1.24 and 0.17, and for series of 2048 points 

between 1.21 and 0.12. Note that these values should certainly not be considered as strict and 

absolute boundaries. The present results are dependent on the method we used to generate 

series, and another method would have given slightly different values.  
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Table A1.1. Mean relative roughness (RR), computed for exact fractal series with α-exponents rang-
ing from 0.5 to 1.5. Results are given for series lengths of 512, 1024, and 2048 data points. 40 series 
have been generated for each α level and each series length. Series that correspond to the LRC range 
are indicated in bold.  

 ___________________________________  

  Relative roughness (RR) 

 α 512 1024 2048 
 _____________________________________________  

 0.5 1.990 2.005 2.004 
 0.6 1.722 1.705 1.705 
 0.7 1.410 1.397 1.388 
 0.8 1.074 1.052 1.037 
 0.9 0.718 0.688 0.662 
 1.0 0.496 0.449 0.417 
 1.1 0.407 0.349 0.301 
 1.2 0.318 0.248 0.186 
 1.3 0.116 0.087 0.057 
 1.4 0.056 0.031 0.017 
 1.5 0.018 0.010 0.005 

 _____________________________________________  
 

 

Relevant series for fractal analysis: relative phase in bimanual coordination tasks  

 

The aim of RR is to provide an easily computable index for testing the a priori suita-

bility of the mono-fractal model. We think that this index could be useful for distinguishing 

the variables that might be relevant for the application of fractal analyses, and those that clear-

ly fall outside the scope of the mono-fractal model.  

An interesting example can be proposed on the basis of studies that analyzed the frac-

tal properties of series collected in bimanual coordination tasks. In the bimanual coordination 

paradigm, participants are requested to perform simultaneous rhythmical oscillations with the 

two hands, according to a prescribed phase relationship between the two effectors (Kelso, 

1984). Two modes of coordination have been shown to be particularly stable: the in-phase 

coordination, in which homologous muscles perform simultaneous contractions, and the anti-

phase coordination, in which homologous muscles perform alternate contractions. The rele-

vant variable for analyzing such coordination is the relative phase, i.e. the difference between 
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the instantaneous phases of each oscillator. Relative phase equals 0 degree for the in-phase 

mode, and 180 degrees for the anti-phase mode.  

Two measures of relative phase are used in the literature, and are generally considered 

as interchangeable. Continuous relative phase (CRP) is derived from the position 𝑥! and ve-

locity 𝑥! time series of each oscillator. The phase angle is determined for each oscillator using 

the following equation:  

𝜙! = tan!! !!
!!

 (A1.10) 

and the relative phase is determined as the instantaneous difference between the phase of each 

oscillator.  

Discrete relative phase (DRP) is punctually computed, as the temporal difference be-

tween similar inflexion points in the oscillation of the two oscillators, reported to the period of 

one of the oscillators. CRP has often been interpreted as a higher resolution form of DRP. 

Nevertheless, Peters et al. (2003) showed that these two measures essentially differ in nature: 

DRP yields information regarding the relative dispersion of events in oscillatory signals, 

while CRP described their relationship in a higher order phase space.  

Torre et al. (2007) analyzed the fractal properties of both DRP and CRP series. Two 

example series, collected in trials performed in in-phase mode, are presented in Figure A1.6 

(top row). At first glance, the two series look similar, presenting a weak stationarity around a 

mean value of 0 degree. However, the DRP series (left graph) contains only 1,044 data points, 

while the CRP series is composed of 32,000 data points (sampled at 100 Hz, representing 

approximately 96 consecutive cycles). The graphs in the second row highlight the differences 

between the two series, by focusing on 200 points for DRP and 2000 points for CRP. The 

DRP series is composed of discrete points, and differences between adjacent values provide 

the series with a marked level of roughness. In contrast the CRP series appears as a very 

smooth motion, with slow oscillations around the mean value.  

RR, averaged over twelve series composed of the 2048 first points of the experimental 

data, was about 1.22 (± 0.44) for DRP, and 0.0015 (± 0.000) for CRP. These results suggest 

that DRP series could be reasonable candidates for being modeled as fGn processes, while 

CRP series appear clearly out of the range of RR values expected for LRC processes.  
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These results are confirmed by the application of DFA and PSD. DRP series yielded a 

mean α-exponent of 0.76 (± 0.12). The mean β was 0.49 (± 0.15), corresponding according to 

equation A1.7 to a α-value of about 0.75. These values converge towards the characterization 

of DRP series as weakly persistent fGn series. The analysis of CRP series provided complete-

ly different results. When computed over the whole range of intervals, the mean α was about 

1.25 (± 0.11). However, a close examination of the diffusion plot (see Figure A1.6) revealed a 

clear inflection, with a steeper slope of about 1.89 (± 0.03) for short time intervals, and a flat-

tened slope (0.69 ± 0.41) for long intervals. PSD yielded a mean log-log power spectrum that 

also presented an inflection, with a positive mean slope of about 0.40 (± 1.58) in the very low 

frequency region, and a highly negative slope (–5.08 ± 0.28) in the medium to high frequency 

region. This last result was consistent with that reported by Schmidt et al. (1991), which ob-

tained very high β-exponents for CRP series. One could question, however, the relevancy of 

computing an exponent on the basis on the average slope of this kind of spectrum. An inter-

esting point here is the discrepancy between the results obtained in the time domain (DFA) 

and the frequency domain (PSD). According to Rangarajan and Ding (2000), such a discrep-

ancy should lead researchers to doubt the genuine presence of LRC in the analyzed series.  
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Figure A1.6. Top row: Relative phase series collected during a bimanual coordination task. The task 
was performed in the in-phase mode. The left graph represents a series of discrete relative phases 
(DRP, 1,044 data points, computed by the point estimate method at the time of maximal pronation of 
the right hand). The right graph is a series of continuous relative phase (CRP, 32,000 data points, 
sampled at 100Hz, representing approximately 96 consecutive cycles). Second row: DRP (left) and 
CRP (right) series. These graphs focus on 200 points for DRP and 2000 points for CRP. Third row: 
average DFA diffusion plots obtained for DRP (left), and CRP (right) series. Bottom row: average 
log-log power spectra obtained for DRP (left), and CRP (right) series. 
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The special case of bounded series 

 

Another problem that could prevent the application of the mono-fractal model is the 

fact that series may be bounded within physiological or biomechanical limits. The mono-

fractal model assumes that fBm series are unbounded. The diffusion over time of a pure fBm 

is theoretically unlimited: fluctuations grow as a power function of time, and the expected 

displacement of the process from a given origin is likely to increase indefinitely.  

When a series is bounded within physiological boundaries, the diffusion process is obviously 

limited and variance cannot exceed a ceiling value. In other words, variance is likely to be-

come independent on time beyond a critical time interval necessary for reaching this ceiling 

value.  

This problem has recently been considered by Delignières et al. (2011) in the domain 

of postural control. Research on postural control focuses on the analysis of the center-of-

pressure (COP) trajectory, which can be recorded using force platforms. A number of authors, 

during the last decade, have proposed to apply to these data diverse non-lineear methods, in-

cluding fractal analyses. Delignières et al. (2011) formulated strong reserves about the suita-

bility of the fractal framework for modeling COP data, which appear clearly bounded within 

functional limits. Interestingly, they showed that bounding affected primarily COP velocity, 

rather than COP position series, as generally accepted in the literature (Collins & De Luca, 

1993). This result suggested that bounding could be due to motor control limitations, rather 

than by biomechanical constraints as commonly assumed. Figure A1.7 (top row) presents an 

example COP velocity series, sampled at 40 Hz, that illustrates this bounding phenomenon: 

COP velocity presents highly persistent trends on the short term, but these trends tend to re-

verse in direction when velocity reaches the upper or the lower limits represented by the 

dashed lines. 

The presence of persistent trends on the short term suggests a rather low roughness, 

similar to that observed for persistent fBm series. However, the ceiling effect on global vari-

ance yields surprising results: The computation of RR for 26 experimental series of COP ve-

locity of 2048 data points gave a mean value of about 1.64 (± 0.66), corresponding to the val-

ue expected for weakly persistent fGn series (see Figure A1.5).  
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Liebovitch and Yang (1997) analyzed the effect of bounding on the results produced 

by fractal analyses. In particular, the diffusion plot obtained with the application of DFA is 

supposed in that case to present a typical inflection, with a steep slope for short time intervals 

revealing the persistence of the process on the short term, and a flattening of the slope for 

long time intervals, due to the limitation of diffusion. The application of DFA on the series of 

COP velocity clearly illustrates this crossover (see Figure A1.7): the diffusion plot presents a 

slope of about 1.0 for short time intervals and a slope of 0.43 for long intervals. Note that the 

crossover can also be revealed by PSD: The log-log power spectrum presents a marked inflec-

tion, with a positive slope in the low frequency region revealing negative correlations on the 

long term, and a negative slope in the high frequency region, due to the persistent trends on 

the short term (Figure A1.7, bottom row, right column).  

The application of fractal-like methods to bounded series has sometimes lead to inter-

pretations in terms of a dual fractal regime, with a persistent behavior on the short term and an 

anti-persistent behavior on the long term (e.g., Collins & De Luca, 1993). In the present case 

a simpler hypothesis related to the effect of bounding on the dynamics of the variable under 

study offers a more interesting and useful interpretation.  

 
Figure A1.7. Top: An example series of center-of-pressure velocity, during the maintenance of up-
right posture. The dashed lines represent the upper and lower limits that bound the evolution of the 
series. Bottom: average DFA diffusion plot (left) and average log-log power spectrum (right). From 
Delignières et al. (2011).  
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Discrepancies between relative roughness and scaling exponents 

 

The previous examples showed how the measure of relative roughness could allow to 

a priori assessing the plausibility of the fractal hypothesis. When RR is clearly out of the 

range expected for LRC, the reference to the mono-fractal framework can be abandoned.  

Relative roughness, however, is not sufficient for unambiguously characterizing a giv-

en series as long-range correlated. In others words, a series can present a level of relative 

roughness located in the range expected for LRC processes, without being actually long-range 

correlated.  

In order to illustrate this problem, we simulated three sets of time series, possessing 

different correlation properties. The first set was generated by an order-one autoregressive 

model: 

𝑦! = 𝜑𝑦!!! + 𝜀! (A1.11) 

In this equation 𝜑 is the autoregressive parameter, which was set to 0.85. 𝜀! denotes a white 

noise process with zero mean and unit variance. The second set was generated by an integrat-

ed one-order moving average model: 

𝑦! = 𝑦!!! + 𝜀! − 𝜃𝜀!!! (A1.12) 

In this equation θ is the first-order moving average parameter and was set to 0.8. εi is a 

white noise process with zero mean and unit variance. Finally we used the Harte-Davies algo-

rithm for simulating a set of fractional Gaussian noise series, with H = 0.9 (Davies & Harte, 

1987). Each set was composed of 100 series of 1024 points. By construction, the two first sets 

of series present only short-term correlations, while the third one possesses LRC properties.  

We chose these ARMA models and their parameters values because the application of 

DFA on the series generated by these models yields diffusion plots similar to those obtained 

with fGn series. We present in Figure A1.8 one example series of each set, and the corre-

sponding diffusion plots: In all cases a linear slope close to 0.9 is obtained. The best linear fit 

is observed for the fGn series, which contains genuine long-range correlations. For the AR 
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series, the diffusion plot presents a slight flattening for long intervals, and conversely the 

slope tends to increase for long intervals for the MA series. However the diffusion plots ob-

tained for the AR and MA series roughly mimic the typical shape expected from long-range 

correlated series, and could easily lead to erroneous interpretations. 

 

 
Figure A1.8. Top row: Example series simulated with a one-order autoregressive model (yi = 0.85yi-1 
+ εi, left column), a one-order moving average model (yi = yi–1 – 0.8εi-1 + εi, central column), and the 
Harte-Davies algorithm (fGn with H = 0.9, right column). The corresponding DFA diffusion plots are 
presented in the middle row, and the log-log power spectra in the bottom row.  

 

More precisely, considering the 100 series of each set, the mean α-exponent was 

0.92 ± 0.06 for AR series, 0.92 ± 0.08 for MA series, and 0.90 ± 0.07 for fGn series. In con-

trast, the computation of relative roughness gave different values in the three sets: the mean 

RR was 0.30 ± 0.03 for AR series, 0.87 ± 0.36 for MA series, and 0.69 ± 0.09 for fGn series. 

For fGn series, the mean RR corresponded exactly to the expected value (see Table A1.1). 

With respect to the obtained α-exponent, AR series were characterized by a mean RR value 

lower than expected, and conversely for MA series RR was slightly higher than expected.  

Such discrepancies between the expected and obtained RR values could represent an 

interesting test for the suitability of the mono-fractal model. Note, however, that these differ-

ences between expected and obtained values should be considered with some caution. The 

mean RR value of 0.30 obtained for AR series corresponds to the expected value for fBm se-

ries with α = 1.1, and the mean value of 0.83 obtained for MA series to the expected value for 
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fGn series with α = 0.8. Considering the possible error in the estimation of α, especially for 

relatively short series (see Delignières et al., 2006), the discrepancy between α and RR should 

be considered as only one indicator, among others, for characterizing the series.  

 

Some methods have been especially developed for distinguishing between short-term 

and long-range correlations. Wagenmakers et al. (2005) and Torre et al. (2007b) have pro-

posed a method based on ARMA and ARFIMA modeling. This method consists in fitting 18 

models to the series. Nine of these models are ARMA (p,q) models, with p and q varying sys-

tematically from 0 to 2. These ARMA models do not contain any long-range serial correla-

tions. The other nine models are the corresponding ARFIMA (p,d,q) models, differing from 

the previous ARMA models by the inclusion of the fractional integration parameter d repre-

senting persistent serial correlations. One would suppose that if the analyzed series contains 

LRC, ARFIMA models should present a better fit than their ARMA counterparts. We applied 

the ARMA/ARFIMA modeling to the three sets of series: as expected, all series in the fGn set 

were recognized as long-range correlated. In contrast, only 10% of the AR series and 14% of 

the MA series were best fitted by ARFIMA models.  

Note that Gilden (2009) has issued severe reservations against methods based on 

goodness-of-fit criteria, such as the ARMA/ARFIMA procedure proposed by Wagenmakers 

et al. (2004). As an alternative, the author proposed global analyses that evaluate models on 

the basis of their capacity of generalization. The models are examined in terms of cross-

validity, flexibility, and representativeness. 

One could wonder about the added value of the proposed relative roughness index, 

with regard to these methods that allow for detecting the genuine presence of LRC in data 

sets. RR just provides an a priori indication about the possible relevancy of the mono-fractal 

model, but is unable to attest for the genuine presence of LRC. One could propose to systema-

tize the application the aforementioned methods before any consideration of the fractal ap-

proaches. However it is clear that these methods are rarely used in the literature. These meth-

ods remain complex to implement, and their theoretical backgrounds are sometimes difficult. 

Often authors prefer to directly apply fractal methods such as PSD or DFA, and to interpret a 

posteriori the obtained results. The relative roughness index has the advantage to being easy 

to compute, and may help avoiding superfluous investigations.  
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Time series and event series  

 

The first two examples we evoked in this paper (relative phase series and COP veloci-

ty) open an interesting line of discussion about the relevancy of fractal analyses. One could 

note that in both cases the series that appear unsuitable for being modeled through the mono-

fractal framework were genuine time series, i.e. series of successive values spaced by equal 

time intervals.  

In contrast, DRP series correspond to a cycle-to-cycle measurement, and the time in-

terval between two successive values depends on the local period used as denominator in the 

calculation of relative phase. DRP series are just event series, composed of temporally or-

dered measures, but cannot be considered genuine time series. It is important to note that in 

most cases, experiments that clearly evidenced the presence of fractal fluctuations did not 

consider time series but event series. This was the case, for example, for the inter-tap intervals 

series in finger tapping experiments (Gilden et al., 1995; Lemoine et al., 2006), or for the 

stride intervals series analyzed in walking experiments (Hausdorff et al., 1995; 1997). In the 

set of experiments proposed by Gilden (2001), all analyzed series were also composed of or-

dered successive performances.  

At a methodological level, this could be considered an obstacle for the application of 

time series analyses such as those previously presented. Is it possible to apply analyses deal-

ing with notions such as frequency or time intervals with data series where time is not effec-

tively present? The application of time series analyses to event series is generally accepted 

pending some theoretical adaptations. Obviously, when dealing with an event series, time 

cannot be considered in its absolute sense. When applying PSD, ‘frequency’ should not be 

read in Hertz units, but rather in terms of inverse trial number (Gilden, 2001), or in number of 

cycles for N trials or observations (Musha et al., 1985; Yamada, 1996). Likewise, the ‘inter-

vals’ taken into account by DFA are not genuine time intervals, but rather lengths of samples 

of successive observations.   

This distinction between time series and event series is a key point in fractal analyses. 

Researchers aiming at undertaking a fractal approach to a given system could be naturally 
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inclined to opt for time series, considering the nature of the statistical procedures commonly 

used in this domain. However, we think that the key variable in fractal analysis is not fluctua-

tion in time, but rather cycle-to-cycle or trial-to-trial fluctuation. As argued by Kello et al., 

(2007), 1/f-fluctuations are likely to occur when a system is repeatedly exposed to the same 

set of constraints. Gilden (2001) developed a similar idea, suggesting that the emergence of 

1/f-fluctuations is dependent on the consistency of the mental set, i.e. the reproducibility of 

constraints over successive trials. When a system has to repeatedly produce the same perfor-

mance in the same situation, fluctuations in performance are likely to reveal its constitutive 

complexity. Essential properties of complex systems, such as degeneracy, suggest that the 

neural networks that are in charge of the production of performance are never identical from 

one trial to the other, but are never completely different. This capacity to mobilize softly as-

sembled and evolving networks over successive trials could be considered the essential origin 

of long-range correlations in the series of performances produced by complex systems (Del-

ignières et al., 2011).  

Note, however, that the collection of event series is often difficult and time consum-

ing. The successive performance of hundreds of trials on a given task raises evident methodo-

logical problems and experimental biases, related to fatigue, or motivation. In contrast, the 

collection of time series, especially with high-frequency recording devices, could appear easi-

er. Obviously, we do not argue that fractal analyses cannot be applied on genuine time series. 

Some convincing experiments have been published that were based on the analysis of time 

series, for example in the study of force production (Sosnoff & Newell, 2005), or electroen-

cephalographic data (Nikulin & Brismar, 2004). In these examples, however, series were rec-

orded from systems in steady state condition, and the successive measurements are likely to 

represent ordered assessments of a more or less stationary variable. In contrast, in a number of 

situations time series represent a kind of displacement in a given physical environment (e.g., 

COP trajectories) or in a more formal space (e.g., CRP series). Obviously, such series tend to 

present strong persistent correlations between successive positions, and this kind of motion 

falls clearly out of the scope of LRC processes. A solution in this case can be to seek for LRC 

properties in the series of successive increments, rather than in the original series (see, for 

example, Stephen et al., 2010).  
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Conclusion 

 

LRC remain a very intriguing phenomenon, and the recent theoretical advances in this 

domain suggest that these fluctuations could represent a key entry in the study of the func-

tional complexity of living systems. However, if the presence of serial correlations in series of 

data collected on such systems is surely more the rule than the exception (Slifkin & Newell, 

1998), this does not imply that these correlations possess long-range properties. The relative 

roughness index we discussed in this paper represents a simple tool allowing an easy prior 

assessment of the plausibility of the LRC hypothesis for a given series. We showed, however, 

that additional precautions are necessary in order to avoid erroneous conclusions or interpreta-

tions.  

Note, however, that if the relative roughness index can serve as an a priori warning 

light, some options can be considered before definitively abandoning the mono-fractal 

framework. As previously suggested, one can often choose alternative variables that are better 

suitable for fractal analyses (e.g., DRP rather than CRP). Series transformations, by means of 

differentiation or integration, can also be used for obtaining more relevant data sets. Finally, 

series are often contaminated by trends, caused by external effects, that could spuriously in-

crease global variance, with respect to the amplitude of local fluctuations. In those cases rela-

tive roughness could appear very low and lead to rejection of the mono-fractal hypothesis. 

Modified versions of the detrended fluctuation analysis, including polynomial detrending of 

various orders, have been proposed for controlling this kind of non-stationarities (Kantelhardt 

et al., 2001). When series are definitively too smooth for being accounted for by the mono-

fractal model, one could consider other methods, based on phase space reconstruction, and 

especially Recurrence Analysis that allows revealing hidden regularities in apparently unpre-

dictable signals (Webber & Zbilut, 2005). 

LRC have recently become a very popular theme of research. A number of researchers 

have tried to check whether their usual objects of research could present LRC properties. 

However, we think that evidencing the presence of LRC in a given system does not represent 

per se an interesting research goal. The problem is not to seek everywhere for LRC, but to 

determine, theoretically, where it could be important, and empirically where it could be plau-

sible to find such long-term persistent serial correlations. 
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Annex 2 

 

Strong Anticipation and Long-Range Cross-Correlation: 
Application of Detrended Cross-Correlation Analysis to 

Human Behavioral Data 
 

In this paper, we analyze empirical data, accounting for coordination processes between com-

plex systems (bimanual coordination, interpersonal coordination, and synchronization with a 

fractal metronome), by using a recently proposed method: detrended cross-correlation analy-

sis (DCCA). This work is motivated by the strong anticipation hypothesis, which supposes 

that coordination between complex systems is not achieved on the basis of local adaptations 

(i.e. correction, predictions), but results from a more global matching of complexity properties. 

Indeed, recent experiments have evidenced a very close correlation between the scaling prop-

erties of the series produced by two coordinated systems, despite a quite weak local synchro-

nization. We hypothesized that strong anticipation should result in the presence of long-range 

cross-correlations between the series produced by the two systems. Results allow a detailed 

analysis of the effects of coordination on the fluctuations of the series produced by the two 

systems. In the long term, series tend to present similar scaling properties, with clear evidence 

of long-range cross-correlation. Short-term results strongly depend on the nature of the task. 

Simulation studies allow disentangling the respective effects of noise and short-term coupling 

processes on DCCA results, and suggest that the matching of long-term fluctuations could be 

the result of short-term coupling processes. 

 

Published as: 

Delignières D, Marmelat V (2014)  
Strong anticipation and long-range cross-correlation: application of 

detrended cross-correlation analysis to human behavioral data 
Physica A, 394, 47-60 
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Introduction 

 

Synchronization with the environment has been often described in terms of anticipa-

tion: For example, when participants have to synchronize finger taps with the beats emitted by 

a metronome, a mean negative asynchrony is consistently reported, suggesting that partici-

pants do not react to auditory stimuli, but rather anticipate their occurrence. Such anticipatory 

behavior can be underlain by the formation of an internal model that allows short-term predic-

tions about the time of occurrence of the next metronome signal. A number of representation-

al models, based on phase correction (Vorberg & Wing, 1996) and/or period correction (Ma-

tes, 1994) have been proposed for explaining synchronization in tapping tasks (Repp, 2005). 

This kind of local, short-term anticipation, based on internal models and corrective processes, 

is referred to by Dubois (2003) as weak anticipation.  

Dubois (2003) evoked a second kind of anticipatory behavior he called strong antici-

pation, which is supposed to occur without reference to any internal model (Stephen et al., 

2008; Stepp & Turvey, 2010). Strong anticipation is based on the embedding of the organism 

within its environment, creating a new, organism-environment system, which possesses law-

ful regularities that allow the emergence of anticipation.  

Stephen and Dixon (2011) noted that two divergent approaches to strong anticipation 

have to be distinguished. The first one suggests that strong anticipation results from an appro-

priate local coupling between the organism and its environment. For example the synchroni-

zation of the rhythmic oscillations of a limb with a periodic metronome has been successfully 

accounted for by a model of coupled oscillators, including a parametric driving function (Jirsa 

et al., 2000; Torre et al., 2010). More sophisticated models in physics have shown that during 

the synchronization between a follower and a leader, the presence of time delays in the leader 

yields the follower to synchronize with future states of the leader (Voss, 2000). These models 

of coupled oscillators suggest that anticipation could emerge from the macroscopic properties 

of the organism-environment system. This conception supposes that anticipation is based on 

local time scales (Stepp & Turvey, 2010).  

A second approach considers that strong anticipation could be based on a more global 

coordination between the organism and its environment. Stephen et al. (2008) analyzed syn-

chronization with a chaotic metronome: In that case, local predictions are difficult to con-



STRONG	  ANTICIPATION	  AND	  LONG-‐RANGE	  CROSS-‐CORRELATION:	  APPLICATION	  OF	  DETREND-‐
ED	  CROSS-‐CORRELATION	  ANALYSIS	  TO	  HUMAN	  BEHAVIORAL	  DATA	  

147	  

	  

	  

ceive, because of the intrinsically unpredictable nature of the pacing signal. Indeed, the au-

thors showed that tapping behavior in this situation exhibited a mix of reaction, proaction, and 

synchrony to metronome signals. Importantly, they observed a close matching between the 

fractal exponents of the chaotic signals and those of the corresponding inter-tap interval se-

ries. In this kind of strong anticipation, the organism is not adapted to the states of the envi-

ronment but to their statistical structure. The presence of 1/f-scaling in the environment is 

essential in this coordination process: the organism exploits the complexity of the environ-

ment, and especially the long-range correlated structure of its evolution over time, as a re-

source for a more adaptive and efficient behavior (Stephen et al., 2008; Stephen & Dixon, 

2011).  

Note that the concept of strong anticipation has been primarily introduced for account-

ing for the adaptation of (complex) organisms with their (complex) environment. Anticipation 

suggests a directional relationship, with a follower attempting to anticipate the future states of 

a leader. The principles that underlie strong anticipation, however, can be extended more gen-

erally to coordination processes between equivalent systems (Marmelat & Delignières, 2012). 

In that case systems mutually adapt, with a kind of bi-directional anticipation. Strong antici-

pation, in this context, suggests that the complexity of both systems is an essential resource 

for their effective coordination. For example, Marmelat and Delignières (2012) analyzed in-

ter-personal coordination in a task where participants had to move pendulums in synchrony. 

Results revealed a poor local correlation between the series of oscillation periods produced by 

the two participants of each dyad. The authors analyzed the scaling properties of the series of 

periods produced by participants, separating short-term and long-term scaling behaviors. They 

evidenced a close correlation between long-term fractal exponents, but in the short-term series 

behaved more independently.  

The hypothesis that coordination could occur not only on local and short-term scales 

but following multiple and interleaving scales suggests that strong anticipation should be re-

vealed by the presence of long-range cross-correlations between the series (Podobnik et al., 

2007). Long-range cross-correlations can occur between two series that both present long-

range correlations. In that case each series has long memory of its previous values, and addi-

tionally each series has also a long memory of the previous values of the other. 

Podobnik and Stanley (2008) introduced detrended cross-correlation analysis (DCCA) 

for analyzing long-range cross-correlations between two simultaneously recorded non-
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stationary time series. This method is an extension of the well-known detrended fluctuation 

analysis (DFA), which was initially proposed by Peng et al. (1993, 1994, 1995), as a method 

for quantifying serial correlations in non-stationary time series. To date, DCCA has been es-

sentially applied to artificial series, and to some real-data sets related to the stock market 

(Gvozdanovic et al., 2012; Podobnik et al., 2008; Wang et al., 2011), road traffic (Xu et al., 

2010; Zebende et al., 2011; Zebende & Machado Filho, 2009), climate (Vassoler & Zebende, 

2012), or encephalography (Wang & Zhao, 2012). In the present paper we analyze some data 

sets collected in experiments about synchronization processes in human behavior, with the 

aim of seeking for statistical signatures of strong anticipation.  

We first present the algorithms of DFA and DCCA, and we briefly discuss some for-

mal properties of their expected results. Then we examine the results obtained with experi-

mental series collected in situations that could be considered as emblematic of strong antici-

pation processes in human behavior: inter-limb coordination, inter-personal synchronization, 

and synchronization with fractal metronomes. Then we analyze some results obtained with 

simulated data sets, especially for evidencing the effects of short-term autoregressive process-

es.  

 

Methods 

 

Detrended fluctuation analysis (DFA)  

DFA has been successfully applied to various processes, including physiological pro-

cesses (Goldberger et al., 2002), psychological (Delignières et al., 2004), sensorimotor (Del-

ignières et al., 2008; Lemoine et al., 2006; Torre et al., 2007), geophysical (Currenti et al., 

2005), climate (Telesca et al., 2012) or financial (Li et al., 2011; Yamasaki et al., 2005). DFA 

exploits the diffusion property of fractional Brownian motions, stating that in such processes 

variance is a power function of the time interval over which it is computed (Mandelbrot & 

van Ness, 1968):  

𝑉𝑎𝑟 𝑥 𝑡 ∝ 𝑡!!   (A2.1) 
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where H is the Hurst exponent.  

Consider a series 𝑥 𝑡  of length N. The series is first integrated, by computing for each 

t the accumulated departure from the mean of the whole series:  

𝑋 𝑡 = 𝑥 𝑖 − 𝑥!
!!!   (A2.2) 

Integrating the series is an essential step. In general, experimental time series are too station-

ary for being properly modeled as fractional Brownian motions, and the diffusion property 

expressed in Equation 1 does not hold for raw data. Integration provides the series with diffu-

sion property and allows a proper estimation of the scaling exponent (for details, see Eke et 

al., 2000). Omitting integration can yield erroneous results, for example the spurious detection 

of crossover in the diffusion plot (Delignières et al., 2011).  

This integrated series is divided into k non-overlapping intervals of length n. The last 

N - (kn) data points are excluded from analysis. Within each interval, a least squares line is 

fitted to the data (representing the trend in the interval). The series 𝑋 𝑡  is then locally 

detrended by substracting the theoretical values 𝑋! 𝑡  given by the regression. For a given 

interval length n, the characteristic size of fluctuation for this integrated and detrended series 

is calculated by: 

𝐹 𝑛 = !
!!!"

𝑋 𝑡 − 𝑋!(𝑡) !!!!"
!!!  (A2.3) 

 

This computation is repeated over all possible interval lengths. Typically, F increases 

with interval length n. A power law is expected, as: 

𝐹(𝑛) ∝ 𝑛!     (A2.4) 

α is expressed as the slope of the double logarithmic plot of 𝐹(𝑛) as a function of n (i.e. the 

diffusion plot). The value α = 0.5 indicates the absence of correlations (white noise), α > 0.5 

indicates persistent long-range correlations, meaning that large (small) values are more likely 

to be followed by large (small) values, α < 0.5 indicates anti-persistent correlations, meaning 

that large values are more likely to be followed by small values and vice versa. The values 

α = 1 and α = 1.5 correspond to 1/f-noise and to Brownian noise (integration of white noise), 
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respectively (Peng et al., 1994, 1995). The α-exponent is linked to H through simple relation-

ships: for fGn, α = H, and for fBm, α = H + 1.  

A number of improvements have been proposed to the initial DFA algorithm, for ex-

ample by using polynomial detrending (Bashan et al., 2008; Kantelhardt et al., 2001). Another 

proposed improvement was to use a sliding window in place of non-overlapping intervals 

(Ferrario et al., 2007). However, this latter option appears time consuming, and does not seem 

to afford substantial benefits. In the present paper we used the original algorithm.  

Detrended cross-correlation analysis (DCCA)  

DCCA works on two time series 𝑥 𝑡  and 𝑦 𝑡  of equal length N. The first steps are 

similar to those of DFA. The two series are integrated, by computing for each t the accumu-

lated departure from the mean of the whole series:  

𝑋 𝑡 = 𝑥 𝑖 − 𝑥!
!!!      and    𝑌 𝑡 = 𝑦 𝑖 − 𝑦!

!!!    (A2.5) 

These integrated series are divided into k non-overlapping intervals of length n. Note 

that Podobnik and Stanley (2008) proposed to use overlapping intervals. However, consider-

ing that DCCA results have to be compared to those of DFA, we think it is preferable to use 

in both methods the same procedure, and we used non-overlapping intervals in the present 

paper (Wang & Xi, 2012).  

The series 𝑋 𝑡  and 𝑌 𝑡  are then locally detrended, and the covariance of these two 

detrended series is calculated as: 

𝐹!""#! 𝑛 = !
!!!"

𝑋 𝑡 − 𝑋!(𝑡)!!!"
!!! 𝑌 𝑡 − 𝑌!(𝑡)  (A2.6) 

This computation is repeated over all possible interval lengths. Typically, 𝐹!""#(𝑛) increases 

with interval length n. A power law is expected, as: 

𝐹!""#(𝑛) ∝ 𝑛! (A2.7) 

λ is expressed as the slope of a double logarithmic plot of FDCCA(n) as a function of n, and the 

interpretation of λ is similar to that of the DFA exponent α.  

In both cases (DFA and DCCA), we considered interval lengths ranging from n = 10 
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to n = N/2. In order to avoid any bias due to the logarithmic distributions of the points in the 

diffusion plots, we divided the abscissa into intervals of 0.1 ∙ 𝑙𝑜𝑔!" 𝛥𝑡 , computed the aver-

age points within each interval, and determined the regression slopes over these average 

points. The resulting diffusion plots included 13 points for an initial series length of 512 data 

points.  The estimation of the regression slopes in the short-term and long-term was per-

formed on the 5 first points and the 5 last points, respectively.  

 

DCCA cross-correlation coefficient  

Zebende (2011) noted that λ did not allow measuring the strength of cross-correlation, 

and introduced the DCCA cross-correlation coefficient 𝜌!""# 𝑛 , defined as:  

𝜌!""# 𝑛 = !!""#
! (!)

!!"#!(!)!!"#!(!)
 (A2.8) 

𝜌!""# 𝑛  is a set of coefficients, which can vary between –1 and 1, and represents the evolu-

tion of cross-correlation with n (see also Podobnik et al., 2011). One could question, however, 

the true meaning of these coefficients, as 𝜌!""# 𝑛  does not represent cross-correlations 

among raw data, but among integrated and detrended series. As previously explained, integra-

tion is an essential step in the DFA algorithm. However, integration tends to inflate correla-

tions in the series, and clearly yields an over-estimation of cross-correlations. On the other 

hand, detrending allows avoiding spurious correlations related to the presence of trends in the 

series. Then 𝜌!""# 𝑛  seems affected by two opposite influences, and its interpretation re-

mains tricky. In the present paper we computed in complement the windowed detrended 

cross-correlation coefficients 𝑊𝐷𝐶𝐶 𝑛 . In this method, cross-correlation coefficients are 

computed in non-overlapping intervals of length n, ranging from 10 to N/2, after data detrend-

ing within each interval. Then cross-correlation coefficients are averaged for each n.  In this 

method detrending allows to control for the influence of trends in the series, but correlations 

are computed on raw data, and then follow a more familiar metric.  

These measures of cross-correlation provide dimensionless indexes that allow for 

comparison between conditions or between experimental and simulated series. Three aspects 

are particularly relevant in the results: cross-correlations in the shortest intervals, the growing 

rate of cross-correlation with increasing n, and the asymptotic value reached in long intervals.  
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General properties of DCCA 

By construction, DCCA results possess some general properties that are useful as ref-

erence for analyzing experimental results. First, the application of DCCA to identical series 

yields results identical to those of DFA with 𝑥 𝑡 = 𝑦 𝑡 , 𝐹!"#! 𝑛  = 𝐹!"#! 𝑛  = 𝐹!""# 𝑛 , 

and αx = αy = λ.  

If one series is an affine transformation of the other, 𝑦 𝑡 = 𝑎𝑥 𝑡 + 𝑏, one can easily 

show that 𝐹!"#! 𝑛  = a𝐹!"#! 𝑛 , and 𝐹!""# 𝑛 = 𝐹!"#! 𝑛 𝐹!"#! 𝑛 . In the log-log plot, 

the curves are vertically offset from one another, DCCA being midway from the two DFA, 

but slopes remains identical (αx = αy = λ).  

In the present algorithm, 𝐹!"#! 𝑛 , 𝐹!"#! 𝑛 , and 𝐹!""# 𝑛  are computed on the 

same sets of non-overlapping intervals. Then, considering that both time series are measured 

on identical units, perfect synchronization implies that 𝐹!"#! 𝑛  = 𝐹!"#! 𝑛  = 𝐹!""# 𝑛 . 

Any local difference between x(t) and y(t) entails a decrease of FDCCA(n), with respect to 

𝐹!"#! 𝑛  and 𝐹!"#! 𝑛 .  𝐹!""# 𝑛  is bounded by 𝐹!""# 𝑛 ≤ 𝐹!"#! 𝑛 𝐹!"#! 𝑛  and 

tends to decrease as synchronization between the two series decreases. Within each consid-

ered interval, detrending allows controlling for spurious covariance due to local trends. When 

synchronization is close between the two series, two simultaneous data points are likely to be 

both located either above, or below the average trend. In that case the contribution of each 

pair of points to the computation of covariance is positive (residuals 𝑋 𝑡 − 𝑋! 𝑡  and 

𝑌 𝑡 − 𝑌! 𝑡  being both positive, or both negative), and FDCCA(n) cannot be lower than the 

lowest FDFA(n). When synchronization is weaker, one of the two integrated values can be 

above the current trend, and the other below. In that case residuals are of opposite signs, and 

the contribution of the pair to covariance is negative. The accumulation of discrepant pairs 

yields a decrease of 𝐹!""# 𝑛 , which can in that case be lower than the lowest FDFA(n).  

These discrepancies in signs, however, are not absolute and depend on the considered 

interval length (n). A given difference between 𝑥 𝑡  and 𝑦 𝑡  could result in residuals of op-

posite signs in short intervals, but not in large intervals. Linear detrending allows controlling 
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for the effects of trends at the time scale defined by the length of the considered interval. So 

𝐹!""# 𝑛  is sensitive to punctual discrepancies for very short intervals, and to trend discrep-

ancies for long intervals. One could suppose that the use of polynomial detrending could par-

tially reduce this effect. But in general, for a given level of synchronization between the two 

series, the difference between 𝐹!""# 𝑛  and the value expected in the case of perfect syn-

chronization is expected to be larger for short interval lengths, and to decrease as interval 

length increases. The direct consequence is that λ should be systematically higher than αx and 

αy, especially when computed on short intervals.  

Finally the distinction of short-term and long-term slopes has been frequently evoked 

in fractal analysis. A number of authors have showed that when applied to biological series, 

DFA results cannot be considered as homogenous over the whole series, and should be ana-

lyzed separately over the short and the long term (Havlin et al., 1999; Peng et al., 1995). Bio-

logical series cannot be considered as pure fractal processes, and are often contaminated by 

noise, and by short-term correlated processes that mainly act on local scales (Delignières & 

Marmelat, 2013; Diniz et al., 2011). One typically assumes that relevant information about 

long-range correlation in the series (and especially the accurate estimation of the fractal expo-

nent) is obtained from the long-term region of the diffusion plot (Eke et al., 2000). DCCA is 

likely to be affected by similar phenomena, as synchronization between series could corre-

spond to a mix between short-term coupling and long-term coordination. So the separate 

analysis of short-term and long-term seems necessary in both DFA and DCCA.  

 

Effect of noise on perfect synchronization 

The last part of this section aims at analyzing the effect of noise on synchronization. 

Noise is omnipresent in experimental series, and a correct identification of its influence on 

statistical and graphical results is essential for proper interpretations. We performed a simula-

tion study in which we generated 10 series of fractional Gaussian noise (N = 512), with a 

mean α-exponent of 0.9, using the method proposed by Davies and Harte (1987). We added a 

constant of 1000 and adjusted the standard deviation of the fractional Gaussian noise in order 

to obtain a coefficient of variation of about 2% for each resulting series.  

DFA and DCCA were first applied on each series, considering the limit case of perfect 
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synchronization, 𝑥 𝑡 = 𝑦 𝑡 . As expected, we obtained identical results for αx, αy, and λ, 

with identical values in the short and the long term, and the correlation between α-exponents 

was maximal (r = 1.0) on both short and long terms. The cross-correlation coefficients 

𝜌!""# 𝑛  and 𝑊𝐷𝐶𝐶 𝑛  were maximal (1.0), whatever the considered interval length.  

In a second step we added to each series 𝑥 𝑡  and 𝑦 𝑡  independent uncorrelated nois-

es. We constructed three new sets of series, according to the standard deviation of the added 

noise: η = 20, η = 40, or η = 60. The results of DFA and DCCA analyses are illustrated in 

Figure A2.1 (note that in all figures the graphs represent point-by-point average of single re-

sults). As reported in earlier experiments, noise induced a flattening of DFA slopes, especially 

in the short-term region (Delignières et al., 2006), and this effect increased with noise strength.  

An important observation is that noise had no observable effect on DCCA slopes: 

whatever the level of added noise, the DCCA curves remained superimposed to that obtained 

with the original series. This does not mean, however, that noise had no effect on synchroni-

zation: correlations between α-exponents were dramatically reduced by noise, on the long 

term (η = 20 : r = 0.963 ; η = 40 : r = 0.768 ; η = 60 : r = 0.442), as well as on the short 

term(η = 20 : r = 0.523 ; η = 40 ; r = 0.040 ; η = 60 : r = -0.067). Finally noise induced lower 

𝜌!""# 𝑛  in short intervals, lower asymptotic limit in long intervals, and a slower increase 

with interval length.  
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Figure A2.1. Effect of noise on perfect synchronization. Top row: average DFA and DCCA diffu-
sion plots (N = 10), for low (left), normal (middle), and strong (right) coupling conditions. Bottom 
row: 𝜌!""# 𝑛  and 𝑊𝐷𝐶𝐶 𝑛 . 
 

Experimental series 

In this section, we analyze a set of experimental series representative of synchroniza-

tion and coordination processes in human movement. In all cases, strong anticipation repre-

sents a sustainable hypothesis for explaining the relationships between the two interacting 

systems. In a first step, our aim was to establish the statistical signatures of each experimental 

situation, their shared features, but also their differences. In light of the previous considera-

tions about DFA and DCCA, we expected to obtain initial insights about the nature of the 

coordinative processes at work in each situation.  

 

 

αSx"="0.74"
αSy"="0.75"
""λS"="0.87"

αLx"="1.22"
αLy"="1.22"
""λL"="1.23"

αSx"="0.60"
αSy"="0.57"
""λS%="0.67"

αLx"="0.86"
αLy"="0.86"
""λL"="0.87"

Bimanual"oscilla9ons" Bimanual"tapping"



156	   ANNEX	  2	  
	  
Synchronization between effectors during bimanual timing tasks.  

The first example is emblematic of an important domain of research in human move-

ment, which focuses on interlimb coordination. The dynamical systems approach to coordina-

tion has massively exploited bimanual coordination tasks, in order to evidence the emergent 

properties that underlie the macroscopic behavior of complex systems (Kelso, 1995).  

In these experiments participants have to perform cyclical bimanual movements, 

maintaining a stable phase relationship between effectors. The two limbs are considered as a 

system of coupled oscillators, exhibiting macroscopic properties (Haken et al., 1985; Schöner 

et al., 1986). Bimanual coordination represents a nice example of close coordination between 

complex (sub)systems, embedded to form a global functional system for performing a particu-

lar goal. As such, one could hypothesize that bimanual coordination could be achieved by 

processes of complexity matching similar to those evoked in strong anticipation.   

The present series were collected in an experiment where twelve participants per-

formed bimanual oscillations and bimanual tapping (Torre & Delignières, 2008; Torre & 

Wagenmakers, 2009). In the bimanual oscillation task, participants performed smooth and 

regular forearm oscillations holding two joysticks. The bimanual tapping task consisted in 

performing sequences of discrete taps with the index fingers on two flat pressure sensors. Par-

ticipants were instructed to synchronize the reversal points of the motion of the joysticks in 

the oscillation task (in-phase coordination), and to synchronize taps in the tapping task. This 

experiment used the synchronization-continuation paradigm: during 30 sec participants syn-

chronized their movements with a video model, inducing an initial frequency of 1.5 Hz. Then 

the model was removed and participants had to continue following the initial tempo during 

600 cycles. Participants were able to perform the task adequately, and we observed a mean 

relative phase of –6.33° (± 3.76°) for bimanual oscillations, and –2.21° (± 4.58°) for bimanual 

tapping).  

Here we analyzed the series of periods simultaneously produced by the right and the 

left effectors. The results of DFA and DCCA analyses are reported in Figure A2.2. The long-

term α-exponents were higher in oscillation than in tapping, a result that was already de-

scribed in the unimanual performance of these tasks (Torre & Wagenmakers, 2009). In both 

tasks the three curves appeared closely superimposed in the long term, and were characterized 
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by very similar mean exponents. Additionally, the long-term individual exponents were 

strongly correlated (oscillations: r = 0.999; tapping:  r = 0.999).  

Short-term α-exponents were lower than their long-term counterparts, reflecting the 

presence of a noisy component in the analyzed series (see above, and Torre & Delignières, 

2008). Over the shortest intervals, FDFA(n) values remained close between the two series, sug-

gesting a similar evolution of variability on the short term. Correlations between short-term α-

exponents remained very high, while a little bit lower than those observed on the long term 

(oscillations: r = 0.929; tapping: r = 0.985). Short-term λ-exponents were also lower than 

their long-term counterparts, but remained close to the corresponding α-exponents.  

Finally 𝜌!""# 𝑛  revealed high levels of cross-correlation in the shortest intervals, and 

a final asymptotic level close to 1.0. 𝑊𝐷𝐶𝐶 𝑛 , however, showed lower (and maybe more 

realistic) correlation levels, just reaching in the long term 0.65 for bimanual tapping, and 0.6 

for bimanual coordination. 

 

 

Figure A2.2. Bimanual coordination tasks. Top row: average DFA and DCCA diffusion plots 
(N = 12), for bimanual oscillations (left) and bimanual tapping (right). The α- and λ- short-term expo-
nents are reported on the left part of each graph, and the long-term exponents on the right. Bottom 
row, left: 𝜌!""# 𝑛  for bimanual oscillations and bimanual tapping; right: windowed detrended cross-
correlation 𝑊𝐷𝐶𝐶 𝑛 . In both cases results are averaged over intervals of 5 values.  
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These results can be considered as representing a nice example of strong coordination 

in human behavior. The two effectors produce long-range correlated and long-range cross-

correlated series, suggesting that they behave as a single, embedded complex system. DFA 

slopes are slightly lower on the short term, denoting the presence of noise in the system that 

locally perturbs synchronization. This results in rather moderate 𝑊𝐷𝐶𝐶 𝑛  values, which 

however can be considered as representative of very close coordination in human behavioral 

data. The most important results are the close matching of mean DFA and DCCA slopes, and 

the close correlation between individual α-exponents, especially on the long-term. Note that 

these results are very similar to those obtained in the previous simulation study about the ef-

fects of noise on perfect synchronization, considering a quite low level of noise perturbation.  

 

Interpersonal synchronization 

The second set of series was collected in an experiment on interpersonal coordination 

(Marmelat & Delignières, 2012). In contrast with the previous example, these series represent 

coordination between two physically independent systems that interact in achieving a com-

mon goal. Inter-personal coordination has been shown to possess similar macroscopic proper-

ties as inter-limb coordination (Schmidt et al., 1990), and the present set of data has been in-

terpreted as a typical example of strong anticipation (Marmelat & Delignières, 2012).  

In this experiment twenty-two participants were randomly paired into eleven dyads. 

Participants in each dyad were instructed to perform synchronized oscillations with pendu-

lums, following an in-phase pattern of coordination. They were instructed to oscillate at the 

preferred frequency of the dyad, as regularly as possible. The task was performed in three 

conditions, characterized by increasing levels of coupling between participants. In the weak 

coupling condition, audition was limited with earplugs, and participants were instructed to 

visually fix a target in front of them on the wall. In the normal coupling condition, visual and 

auditory feedbacks were fully available, and participants were invited to visually fix their 

partner’s pendulum. In the strong coupling condition, participants were instructed to cross 

their free arms (arm-in-arm), in order to add haptic information to visual and auditory feed-

backs. Series of 512 oscillations were collected in each condition.  



STRONG	  ANTICIPATION	  AND	  LONG-‐RANGE	  CROSS-‐CORRELATION:	  APPLICATION	  OF	  DETREND-‐
ED	  CROSS-‐CORRELATION	  ANALYSIS	  TO	  HUMAN	  BEHAVIORAL	  DATA	  

159	  

	  

	  

Results showed that dyads were able to adequately perform this coordination task, 

with a mean relative phase of –2.15° (± 8.64) in the low coupling condition, –1.67° (± 7.50) 

in the normal coupling condition, and –2.36° (± 7.15) in the strong coupling condition. We 

observed that within each dyad, one of the two participants presented higher FDFA than the 

other for the shortest interval, whatever coupling conditions. Participants were ordered in each 

dyad on this basis.  

The results of DFA and DCCA are reported in Figure A2.3. FDFA curves presented 

very similar shapes, except in short intervals where 𝐹!"#!(𝑛) was higher than 𝐹!"#!(𝑛) (due 

to the previously evoked ordering of participants). This difference tended to slightly increase 

as coupling strength increased. In the long term, similar to the previous example, the three 

curves were closely superimposed, and the correlation between individual α-exponents was 

close to 1.0, whatever the coupling condition (low: r = 0.999; normal: r = 0.998; strong: 

r = 0.999). In contrast, correlations between individual short-term α-exponents did not reach 

significance, except in the normal coupling condition (low: r = -0.209; normal: r = 0.675; 

strong: r = 0.410).  

Finally FDCCA(n) decreased dramatically in short intervals, with respect to 𝐹!"#!(𝑛) 

and 𝐹!"#!(𝑛), and especially in the low coupling condition, denoting a quite low level of co-

variance on the short term. This resulted in high short-term λ-exponents, with respect to the 

corresponding DFA slopes.  

 

 

Figure A2.3. Interpersonal coordination task. Top row: average DFA and DCCA diffusion plots 
(N = 11), for low (left), normal (middle) and strong (right) coupling conditions. Bottom row: 
𝜌!""# 𝑛  and 𝑊𝐷𝐶𝐶 𝑛 . 
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𝜌!""# 𝑛  started with quite low values, especially in the low coupling condition, but 

reached quickly an asymptotic value close to 1. In contrast, 𝑊𝐷𝐶𝐶 𝑛  remained moderate 

and never exceeded a value of about 0.2. Note that 𝑊𝐷𝐶𝐶 𝑛  slopes allowed to clearly dis-

tinguish between coupling conditions, and were ordered according to coupling strength.  

Interpersonal coordination has been presented as very similar to inter-limb coordina-

tion (Schmidt et al., 1990). The present analyses, however, reveal a completely different sta-

tistical picture between the two tasks. In both cases we observed a very close matching be-

tween series fluctuations on the long term, suggesting that series share essential statistical 

properties. However, this matching occurs in interpersonal coordination despite a rather low 

local covariance. In contrast with the previous example, these results revealed a very different 

statistical behavior in the short and the long term. DFA and DCCA were closely matched in 

long intervals, and αlong-term-exponents were strongly correlated. In short intervals, series pre-

sented a low covariance, suggesting a rather poor local synchronization, in contrast with bi-

manual coordination where effectors appear strongly coupled on local scales. These results at 

least suggest that coupling, in these two situations, works on different time scales. Bimanual 

coordination has been modeled through the well-known HKB model (Haken et al., 1985), 

which supposes a continuous coupling between effectors. This kind of coupling could explain 

the strong matching of exponents observed even on short scales. The results obtained for in-

terpersonal coordination suggest in contrast a discrete form of coupling, which could occur at 

the time scale of a complete oscillation. This hypothesis will be examined latter. These results 

raise a central question: could a complete matching on the long term originate from a rather 

weak coupling on local scales?  

 

Walking in synchrony with a fractal metronome 

The third example is representative of another kind of situation, where participants 

have to synchronize with a fractal metronome. This situation induces a uni-directional rela-

tionship between an organism and its environment, and was used in the first paper that evoked 

strong anticipation processes in human behavior (Stephen et al., 2008).  

The present series were collected in a pilot study, during which eleven participants 

walked on a treadmill, and had to synchronize the right heel strikes with metronome signals 

administered through an earphone. Metronome signals presented fractal fluctuations around a 
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mean value of 1135 ms. Fractal fluctuations had mean α-exponent of about 0.9, and their 

standard deviation was adjusted for obtaining a coefficient of variation of 2%. Series of 512 

steps were collected. Results showed that participants were able to maintain synchrony with 

the metronome, with a mean asynchrony of about -52.8 ms (± 46.9). This negative asyn-

chrony, which is a common result during synchronization with regular metronomes (Repp, 

2005), shows that despite the unpredictability of the inter-onset intervals produced by the met-

ronome, participants did not react to signals, but were able to anticipate their occurrence.  

The results of DFA and DCCA analyses are reported in Figure A2.4, x(t) correspond-

ing to the series of stride intervals produced by the participant, and y(t) to the series of the 

inter-onset intervals of the metronome. As before, DFA and DCCA curves tended to join to-

gether in the longest intervals, and long-term α-exponents were strongly correlated (r = 0.973). 

In contrast, there was no correlation between short-term α-exponents (r = 0.083), and 

FDFA,x(n) was clearly larger than FDFA,y(n), which is consistent with the asymmetrical nature 

of the task. Interestingly, over short intervals FDCCA(n) values were closer to the lowest 

FDFA(n) than in the previous example, suggesting a better local synchronization. This resulted 

in higher 𝑊𝐷𝐶𝐶 𝑛  values, approaching 0.4 in the longest intervals.  

 

Figure A2.4. Walking in synchrony with a fractal metronome. Left panel: average DFA and 
DCCA diffusion plots (N = 11). Right panel: 𝜌!""# 𝑛  and 𝑊𝐷𝐶𝐶 𝑛 . 

Bimanual coordination Interpersonal coordination Walking with a fractal 
metronome 
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Cross-correlation functions 

Despite obvious differences, these three examples reveal some common signatures, 

and especially the very close matching between the temporal structures of fluctuations on the 

long term. These results could suggest that similar processes could be at work in the three 

situations. DCCA, however, reveals the effects of synchronization considering a lag zero be-

tween the two analyzed series, but ignores the lagged influences that could occur between 

systems. In order to get a more complete picture, we computed for all situations windowed 

cross-correlation functions, from lag –10 to lag 10, between 𝑥 𝑡  and 𝑦 𝑡 . In order to focus 

on short-range dependence, we worked on windows of short length (n = 15). Moreover, in 

order to avoid detecting spurious cross-correlation due to the presence of drifts in the consid-

ered windows, data were detrended within each window before the computation of cross-

correlation. 

Practically, the analysis started with a first window 15 points of the x(t) series, begin-

ning at the 10th point of the series. Then the cross-correlation function between this window 

and a sliding window of 𝑦 𝑡  was computed, from lag –10 to lag 10, after local detrending. 

The 𝑥 𝑡  window was then lagged by one point, and the cross-correlation function was com-

puted again. This process was repeated over the whole series, and finally WCCF was comput-

ed by point-by-point averaging of the obtained functions.  

Another variable that could play a significant role during coordination is asynchrony, 

defined as the delay between the occurrence of a given event in one system and that of the 

corresponding event in the other. Indeed, a number of studies suggested that synchronization 

with regular metronomes is based on a discrete correction of asynchronies (Delignières et al., 

2009; Vorberg & Wing, 1996). Asynchronies are computed as the differences between the 

cumulated sums of x(t) and y(t):  

𝐴𝑆𝑌𝑁! 𝑡 = −𝐴𝑆𝑌𝑁! 𝑡 = 𝐴𝑆𝑌𝑁! 0 + 𝑥 𝑖!
!!! − 𝑦(𝑖)!

!!!   (A2.9) 

We computed WCCF between 𝐴𝑆𝑌𝑁! 𝑡  and x(t), and for the two first situations be-

tween 𝐴𝑆𝑌𝑁! 𝑡  and y(t).  

We present in the upper row of Figure A2.4 the WCCF between 𝑥 𝑡  and 𝑦 𝑡 . We 

found completely different results among the three situations. In bimanual coordination, there 

was a strong positive lag-zero cross-correlation, in oscillations as well as in tapping, but no 
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correlations on other lags. In contrast, in interpersonal coordination lag-zero cross-correlation 

was low and slightly negative, and some moderate, positive cross-correlations appeared at lag 

–2 and lag –1 on the one hand, and at lag 1 and lag 2 on the other. Finally, for the task of syn-

chronization with the fractal metronome, there were positive cross-correlations at lag –3, lag  

–2, and lag –1. These results confirm that during bimanual coordination, synchronization oc-

curs within each cycle between the two effectors. In contrast, in the two other situations coor-

dination seems based on cycle-to-cycle influences.  

WCCF between 𝐴𝑆𝑌𝑁! 𝑡  and 𝑥 𝑡  are presented in the bottom row of Figure A2.5. 

We obtained similar results for WCCF between 𝐴𝑆𝑌𝑁! 𝑡  and 𝑦 𝑡 . In all cases, there was a 

significant negative lag –1 cross-correlation between 𝐴𝑆𝑌𝑁! 𝑡  and 𝑥 𝑡 . These results 

should be analyzed with caution, however, because any process allowing to maintain syn-

chronization between 𝑥 𝑡  and 𝑦 𝑡  is likely to mechanically produce a negative correlation 

between the produced interval and the preceding asynchrony. On the other hand, this negative 

correlation could reveal a direct corrective process of the current interval, on the basis of the 

previous asynchrony  (Delignières et al., 2009; Vorberg & Wing, 1996). In other words, this 

negative correlation between 𝐴𝑆𝑌𝑁! 𝑡 − 1  and 𝑥 𝑡  (and between 𝐴𝑆𝑌𝑁! 𝑡 − 1  and 𝑦 𝑡 ) 

could be either the cause or the consequence of synchronization. We examine this issue in the 

following section. 

 

Figure A2.5. Top row: windowed detrended cross-correlation functions (from lag –10 to lag 10), be-
tween 𝑦 𝑡  and 𝑥 𝑡 , for bimanual coordination tasks, interpersonal coordination, and walking with a 
fractal metronome. Bottom row: Windowed detrended cross-correlation functions (from lag –10 to 
lag 10), between 𝐴𝑆𝑌𝑁! 𝑡 − 1  and 𝑥 𝑡 . 
 

αSx"="0.81"
αSy"="0.83"
""λs"="0.99"

"αLx"="0.97"
"αLy"="0.89"
"""λL"="0.97"

αSx"="0.67"
αSy"="0.68"
""λs"="1.02"

αLx"="0.90"
αLy"="0.77"
""λL"="0.97"

αSx"="0.61"
αSy"="0.61"
""λs"="1.05"

αLx"="0.81"
αLy"="0.68"
""λL"="0.97"

η'="20" η'="40" η'="60"



164	   ANNEX	  2	  
	  
Short-term synchronization: autoregressive uni-directional models 

 

We present in this section a set of simulation studies dealing with simple, autoregres-

sive coupling. We especially analyzed discrete forms of coupling, occurring at the time scale 

of oscillation, step, or tap. In a first step we focused on uni-directional coupling, correspond-

ing to situations where an organism has to synchronize its behavior with that of its environ-

ment, as for example in our third experimental situation where participants had to walk in 

synchrony with a fractal metronome.  

In the following simulations, 𝑥 𝑡  represents the series produced by the organism, and 

𝑦 𝑡  that of the environment. Our modeling effort is based on two main assumptions:  

(1) First, considering the significant lag –1 cross-correlation we observed in our third ex-

periment, we propose that the current interval produced by the organism is deter-

mined by the previous interval produced by the environment.  

(2) Second, we consider that the organism produces intrinsically long-range correlated 

series. A number of previous studies have shown that organisms produced long-range 

correlated series in self-paced conditions, and that during synchronization with a reg-

ular metronome, this source of long-range correlation was still at work and had to be 

considered for properly modeling the results (Delignières et al., 2008; 2009; Delig-

nières & Torre, 2009; Torre & Balasubramaniam, 2009; Torre et al., 2010). We con-

sider that this assumption holds also in the case of a fractal metronome.  

Two main processes can be advocated for such discrete coupling. The first one consid-

ers that the organism uses the time interval produced by the environment during the current 

cycle for correcting the interval it intended to intrinsically produce for the next cycle. In its 

simplest formulation (order 1 autoregressive processes), this interval-based hypothesis can be 

expressed as follows:  

𝑥 𝑡 = 1− 𝜑! 𝑥!"# 𝑡   + 𝜑!𝑦 𝑡 − 1   +   𝜂𝜀! 𝑡  (A2.10) 

where 𝑥!"# 𝑡  represents the series of intrinsic fluctuations of the organism, 𝜑! is the auto-

regressive parameter, 𝜀! 𝑡  a white noise process with zero mean and unit variance, and 𝜂 a 

constant denoting noise strength.  
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A second hypothesis suggests that the organism corrects the interval it intended to in-

trinsically produce on the basis of the previous asynchrony. This hypothesis has received 

some support, especially in the analysis of tapping tasks (Delignières et al., 2009; Torre & 

Balasubramaniam, 2009; Vorberg & Wing, 1996).  

In its simplest formulation (order 1 autoregressive processes), this asynchrony-based 

hypothesis can be expressed as follows: 

𝑥(𝑡) = 𝑥!"# 𝑡   +   𝛿!𝐴𝑆𝑌𝑁! 𝑡 − 1   +   𝜂𝜀! 𝑡  (A2.11) 

where δx is the autoregressive parameter.  

We modeled 𝑥!"# 𝑡  and 𝑦 𝑡  by fractional Gaussian noise (N = 512), with a mean α-

exponent of 0.9, using the method proposed by Davies and Harte (1987). As in the previous 

simulations these series were adjusted around a mean of about 1000, with a coefficient of var-

iation of about 2%. In all simulations we set 𝜂 = 20. We first tested the interval-based model, 

for three values of 𝜑! (0.5, 0.4, and 0.3). This model was unable to generate the typical 

matching of long-term α-exponents: the three parameters produced correlations of about 

r = 0.062, r = -0.139, and r = -0.285, respectively. We show in Figure A2.6 (left panel), the 

DFA and DCCA results for 𝜑! = 0.5. As can be seen, the graphical results are qualitatively 

different than those obtained from experimental data (see Figure A2.4): DFA curves appeared 

more or less superimposed, and FDCCA(n) remained systematically lower than FDFA(n), what-

ever the considered interval, suggesting a rather low covariance between the series on all time 

scales. This tendency increased this decreasing 𝜑!. These results are sufficient, in our mind, 

for rejecting the interval-based hypothesis.  
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Figure A2.6. Short-term autoregressive uni-directional models. Top row: average DFA and DCCA 
diffusion plots (N = 10), for the interval-based model (left), and the asynchrony-based model (right). 
Bottom row: 𝜌!""# 𝑛  and 𝑊𝐷𝐶𝐶 𝑛 . 

 

Results were more convincing with the second, asynchrony-based model. We tested 

three values for the autoregressive parameter 𝛿!:  0.5, 0.4, and 0.3. Figure A2.6 (right panel) 

shows the results of DFA and DCCA for 𝛿! = 0.5. The graphical results reproduced quite sat-

isfactorily those obtained from experimental data (see Figure A2.4). Correlations between α 

long-term exponents were high (r = 0.990, r = 0.982, and r = 0.963, respectively), and in all 

cases the model produced non-significant correlations between short-term α-exponents 

(r = 0.023, r = -0.016, and r = -0.037, respectively). One could note, however, that in all cases 

the model yielded lower initial 𝜌!""# 𝑛  than experimentally observed, and lower 𝑊𝐷𝐶𝐶 𝑛  

on the long term. 

These simulations suggest that short-term adaptive processes, based on the correction 

of the most recent asynchrony, could be sufficient for generating the matching of fluctuations 

in the long term. Note that we did not take substantial effort in closely fitting our experi-
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mental results.  More accurate and convincing results could maybe obtained with more com-

plex models, for example taking into account a set of previous asynchronies rather than only 

the last one (Vorberg & Wing, 1996).  

This kind of autoregressive error correction models has been frequently evoked in the 

study of synchronization with regular metronomes (Delignières et al., 2009; Pressing & Jol-

ley-Rogers, 1997; Vorberg & Wing, 1996). Intuitively, one could conceive that facing a regu-

lar metronome, the systematic correction of errors allows maintaining synchronization: the 

time of occurrence of the next onset can be anticipated on the basis of the previous asyn-

chrony and the fixed period of the metronome. This kind of adaptation, based on an explicit 

model of the properties of the situation, clearly refers to what Dubois (2003) called weak an-

ticipation.  

The usefulness of error correction is less clear when one has to synchronize with a 

fractal metronome. In that case the exact duration of the next period remains unpredictable, 

and correcting the last asynchrony may have no direct and intended effect on the next.  

On the other hand, error correction tends to adjust the duration of the current interval 

to the duration of the previous interval of the metronome. In other words, by correcting for 

asynchronies, the system tends to mimic, with a positive lag of one value, the fluctuations of 

the metronome. From this point of view, the matching of long-term scaling exponents could 

represent the simple consequence of the local corrections of asynchronies.  

 

Short-term synchronization: autoregressive bi-directional models 

 

Finally, we tried to examine the plausibility of the asynchrony-based model in the bi-

directional case. The bi-directional extension of this model could be expressed as follows:  

𝑥(𝑡) = 𝑥!"# 𝑡   +   𝛿!𝐴𝑆𝑌𝑁! 𝑡 − 1   +   𝜂𝜀! 𝑡   

𝑦(𝑡) = 𝑦!"# 𝑡   +   𝛿!𝐴𝑆𝑌𝑁! 𝑡 − 1   +   𝜂𝜀! 𝑡  (A2.12) 

where 𝑥!"# 𝑡  and 𝑦!"# 𝑡  represent the intrinsic fluctuations of each system, and 𝛿! and 𝛿! 

are the autoregressive parameters. We tested the following combination of values: 𝛿! = 0.7 
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and 𝛿! = 0.5, 𝛿! = 0.5 and 𝛿! = 0.3, 𝛿! = 0.4 and 𝛿! = 0.2. All combinations corresponded to 

asymmetrical coupling, as suggested by the analysis of our experimental data. The results of 

DFA and DCCA, for the three combinations of parameters, are reported in Figure A2.7. In all 

cases we obtained a superimposition of DFA and DCCA slopes in the long term, and a close 

correlation between long-term α-exponents (r = 0.997, r = 0.994, and r = 0.989, respectively). 

However, the correlations between short-term exponents were clearly higher than expected: 

the three above-mentioned combinations yielded correlations of about r = 0.852, r = 0.653, 

and r = 0.529, respectively. Moreover, these combinations yielded very steep DCCA short-

term slopes, suggesting a very low short-term covariance between series. Finally, 𝑊𝐷𝐶𝐶 𝑛  

showed that all models resulted in a very weak synchronization on the long term. In contrast 

with the previous model, the bi-directional asynchrony-based model provides a rather poor 

account of empirical data.  

 

Figure A2.7. Short-term autoregressive bi-directional model. Top row: average DFA and DCCA 
diffusion plots (N = 10), for three combinations of parameters (left: δx = 0.7 and δy = 0.5; middle: 
δx = 0.5 and δy = 0.3, right: δx = 0.4 and δy = 0.2). Bottom row: 𝜌!""# 𝑛  and 𝑊𝐷𝐶𝐶 𝑛 . 

 

Taken as a whole, these observations suggest that interpersonal coordination and syn-

chronization with a fractal metronome, while sharing some essential statistical features in 

DFA and DCCA results, should be considered as engaging different processes.  

δx!=!0.5! δx!=!0.4! δx!=!0.3!
αSx!=!0.61!
αSy!=!0.90!
!!λs!=!1.25!

αLx!=!0.82!
αLy!=!0.89!
!!λL!=!0.90!

αSx!=!0.62!
αSy!=!0.90!
!!λs!=!1.33!

αLx!=!0.80!
αLy!=!0.89!
!!λL!=!0.91!

αSx!=!0.65!
αSy!=!0.90!
!!λs!=!1.46!

αLx!=!0.78!
αLy!=!0.98!
!!λL!=!0.92!
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Conclusion 

 

The aim of this paper was to analyze empirical data sets, accounting for coordination 

processes between complex systems, by using a recently proposed method, the detrended 

cross-correlation analysis (DCCA). In association with DFA, DCCA provides a rich set of 

information, combining the scaling properties of each series and that of coordination.  

DCCA results, however, appeared a little bit more complex to interpret than presented 

in the seminal papers that introduced the method. Interpreting DCCA slopes with the theoreti-

cal background that underlies that of α-exponents could yield inadequate conclusions. In par-

ticular, the present analyses highlight the necessity to conduct separate analyses on the short 

and the long term.  

This paper shows that DFA and DCCA should be complemented by other analyses, in 

order to obtain a more exhaustive picture of coordination processes. The analysis of correla-

tion between α-exponents, on the short and the long term appeared especially important for a 

better understanding of coupling processes.  Further improvements of the method should also 

be proposed for accounting for lagged coordination processes.  

In our opinion, 𝜌!""# 𝑛  does not give really useful information, considering that it 

tends to reach systematically its ceiling value from the moment where coordination occurs 

between the two systems. We consider that 𝑊𝐷𝐶𝐶 𝑛  provides a more realistic measure of 

cross-correlation. This method allows to clearly distinguishing between experimental condi-

tions and offers a better test of the suitability of alternative models.  

Considering the theoretical question we tried to address in this paper, the present re-

sults show that the matching of scaling exponents that has been considered as the typical sig-

nature of strong anticipation (Marmelat & Delignières, 2012; Stephen et al., 2008) can take its 

origin in very different coupling processes. Bimanual oscillations seem underlain by a contin-

uous coupling process. As previously explained, such continuous coupling is consistent with 

the HKB model that has been proposed for accounting for interlimb coordination (Haken et 
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al., 1985).  Note that evidencing the same signature in bimanual tapping was a little bit sur-

prising, as recent papers suggested that this task was rather governed by discrete coupling 

processes (Torre & Balasubramaniam, 2009; Torre & Delignières, 2008). This specific point 

requires further investigation.  

In contrast, interpersonal coordination and synchronization with a fractal metronome 

appeared clearly dominated by discrete cycle-to-cycle processes. However, if error correction 

appeared as a plausible candidate process in synchronization with a fractal metronome, it 

seemed unable to adequately account for interpersonal coordination processes.  

Concerning this last situation, a central question remains: is there something else than 

short-range coupling processes in the coordination of independent complex systems? Answer-

ing this question is essential for giving a better foundation to the concept of strong anticipa-

tion. On the basis of the present results, concluding that local anticipatory processes could be 

sufficient for producing a global matching of fluctuations is clearly premature. Further efforts 

are needed to explore these issues, especially through the proposition and the assessment of 

more complex models, and a more accurate determination of parameters.  
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Summary 

The execution of daily physical activities is highly variable. This variability can be de-

scribed in terms of the variance, i.e. the average dispersions of measurements relative to the 

mean of a time series. However, this measure does not contain any information about the 

manner in which fluctuations are organized in time. To gain insight into this aspect, more 

advanced measures are required that pertain to the temporal structure of the fluctuations. Par-

ticularly serial correlations are important in this regard since it has been shown that rhythmic 

behavior of healthy biological systems often exhibits so-called long-range correlations, as 

well as characteristics of self-similarity that can be described with a single quantity, the frac-

tal exponent. This fractal exponent (0 < 𝛼 < 0) can be determined in different ways, as out-

lined in Annex I. A fractal exponent of 0.5 indicates that the fluctuations in a time series are 

not correlated, as in white noise. If the fractal exponent is larger than 0.5, then the fluctuations 

are persistent, which implies that the probability that a measurement changes in the same di-

rection as the previous measurement is larger than in the opposite direction. The converse, 

anti-persistent behavior, occurs if the fractal exponent is smaller than 0.5. Healthy behavior, 

such as walking, is generally persistent. 

 Both aging and neurodegenerative diseases are often accompanied by an increase of 

the variance in time series of behavioral variables and a decrease of the fractal exponent in the 

direction of either too regular (towards 0), or too irregular (i.e. unpredictable) behavior (to-

wards 0.5). Experimental studies have demonstrated that the variability of walking by persons 

with a neurodegenerative disease can be reduced when prescribed (paced) with an isochro-

nous metronome. The dynamical properties of time series of behavioral variables also change 

as a result of such pacing: persistent fluctuations become anti-persistent fluctuations. Anti-

persistence can be viewed as an archetypical form of ‘homeostatic control’ in which every 

deviation from the mean is corrected immediately. An important practical goal of the research 

reported in this thesis was to develop novel pacing strategies that may enable (targeted) indi-

viduals to maintain the persistent character of the fluctuations of behavioral variables in time 

series. After all, based on previous findings, it is reasonable to assume that this will enhance 

the functionality and adaptability of behavior.  



184	   SUMMARY	  
	  

Recent research has indicated than when two persistent complex systems are interact-

ing, they have a tendency to adopt the same fractal exponent. This so-called ‘complexity 

matching’ can occur without any form of behavioral matching, i.e. without synchronizing any 

local events, such as making heel contact with the ground or the tones of a metronome. Inten-

tional pacing strategies imply behavioral matching. However, it has never been investigated 

whether the fluctuations in rhythmic stimuli also lead to complexity matching, nor whether 

complexity matching of fractal exponents can be explained by behavioral matching. The re-

search reported in this thesis is intended to fill this lacuna. 

The goal of the study reported in Chapter 2 was to determine whether complexity 

matching occurs in a situation in which two participants have to swing a hand-held pendulum 

in phase with each other, and whether this type of matching can be explained solely in terms 

of short-term corrections. To this end, the amount of perceptual feedback was manipulated 

according to three conditions, peripheral visual feedback, focal visual feedback, and focal 

visual feedback with tactile feedback. A high degree of complexity matching was observed 

between the time series of the pendulum movements, which turned out to be independent of 

the feedback conditions and, hence, of the coupling strength. Windowed cross-correlations 

between both time-series (cf. Annex 2) showed that the short-term adaptations in the signals 

were too weak to explain the observed complexity matching. These results suggest that the 

dynamics of interpersonal coordination is based on a global adaptation of the complexity of 

the one system to the complexity of the other system and vice versa, a phenomenon that has 

been coined ‘strong anticipation’. Due to the bi-directional nature of the coupling between 

participants, it proved impossible to unravel the details of these mutual adaptations. 

The nature of the dynamical adaptations to a complex rhythmic environment was in-

vestigated in Chapter 3 in the context of walking paced by an acoustic metronome. The aim 

of this experiment was to determine how the walking movements are adapted as a function of 

the structure in the variability in the inter-onset intervals (IOIs) produced by the metronome. 

The specific research question was if complexity matching occurs with any non-isochronous 

metronome or only if the rhythmic stimulation contains long-range correlations. Two com-

plementary experiments were performed to examine how the complexity matching between 

ISI time-series and IOIs time-series was influenced by the variance and the structure of the 

IOI time-series. In the first experiment the walking movements were prescribed with the help 

of a metronome with a coefficient of variance (CV) of the IOIs that was varied between CV = 

0% (isochronous pacing) and CV = 2% (pacing with long-range correlations). It turned out 
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that the ISIs exhibited anti-persistent fluctuations when walking was isochronously paced but 

persistent fluctuations when walking was paced using a metronome with long-range correla-

tions. The fluctuations in the ISIs during walking with a metronome with long-range fluctua-

tions (CV = 1%, 1,5%, and 2%) corresponded to those during walking without a metronome 

(self-paced). In Experiment 2 the walking movements were prescribed with a non-

isochronous metronome with IOIs that fluctuated with CV = 1%, while the structure of these 

fluctuations was manipulated in such a manner that anti-persistent, random, and persistent 

stimulation series were obtained. The results indicated that complexity matching only oc-

curred if long-term fluctuations in the metronome were present. The windowed cross-

correlations between the ISI time-series and the IOI time-series were never significant in the 

range from lag –10 to lag 10. This result indicated that the complexity matching was depend-

ent on the structure in the variability of the IOIs and only occurred if this structure contained 

long-range correlations. 

The study reported in Chapter 4 focused on a new form of rhythmic stimulation, 

dubbed ‘human pacing’, in which a participant (the follower) walked behind another partici-

pant (the leader). Based on the fact that rhythmic behaviors of healthy people exhibit long-

range correlations, the hypothesis was tested that a follower adopts the structure of the fluctu-

ations in the inter-stride intervals (ISIs) of the leader. This was accomplished in a gait exper-

iment on a large treadmill. The structure of the fluctuations in the ISIs of the leader was ma-

nipulated externally by means of either an isochronous or a fractal metronome, besides a con-

dition without metronome (self-paced). The correlation between fractal exponents of the ISIs 

of the leader and those of the follower turned out to be independent of the different experi-

mental conditions. However, contrary to the results obtained in Chapter 3 with the anti-

persistent metronome, anti-persistent pacing by a human partner led to a correlation between 

the long-term regions of the fractal exponents of both ISI time-series. This discrepancy in 

results could be explained by the continuous visual contact of the leader by the follower, in 

contrast to the discrete, auditory coupling between participant and metronome in the experi-

ment reported in Chapter 3.  

In Chapter 5 a simulation study is reported that was conducted to gain more insight 

into the control processes involved in the non-isochronous pacing of human walking. Two 

simulation models were tested: a model with a continuous dynamical coupling between the 

rhythm of the metronome and that of the walking movements, and a model with a discrete 

coupling consisting of mechanism for correcting asynchronies between metronome and gait. 
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The spectral properties and the autocorrelations functions of the asynchronies of the ISIs, as 

well as the characteristics of the time-series of the asynchronies, showed that isochronous and 

non-isochronous pacing had different effects on the walking movements. Put more precisely, 

the simulation results indicated that isochronous pacing resulted in a form of synchronization 

that seemed to be based on a continuous coupling, whereas non-isochronous pacing resulted 

in a form of synchronization that seemed to be based on a systematic step-by-step correction 

mechanism. Although the behavior in the various non-isochronous conditions appeared to be 

governed by the same control regime, the windowed cross-correlations between the IOIs and 

the ISIs proved to be higher in the condition in which the ISIs contained long-range fluctua-

tions than in the other conditions. 

Chapter 6, the epilogue, provides a summary of the main findings of the thesis and 

their implications for future research as well as practical applications. In brief, the studies 

provided evidence that synchronization with fractal rhythms leads to complexity matching 

between time series of behavioral variables and time series of environmental variables (pro-

duced by a metronome or a human partner). This type of matching only occurs if long-range 

correlations are present in the rhythmic stimulation. The simulations presented in Chapter 5 

demonstrated that the complexity matching between the fractal exponents of ISI and IOI time-

series may be explained by a simple error correction mechanism. At first, the concept of 

‘strong anticipation’ seemed to provide an appropriate explanation of the experimental results 

in question, but the simulation results contradicted this assumption.  

The research reported in this thesis focused on a specific form of synchronization, 

namely intentional coordination. Intentional synchronization implies behavioral matching, 

that is, an as adequate as possible synchronization with local events. It was found that behav-

ioral matching is not a necessary condition for complexity matching. Future research will 

have to demonstrate whether complexity matching also occurs during non-intentional syn-

chronization in both individuals and groups. 
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Samenvatting 

De uitvoering van dagelijkse fysieke activiteiten is sterk variabel. Deze variabiliteit 

kan worden beschreven aan de hand van de variantie, dat wil zeggen de gemiddelde spreiding 

van meetgegevens ten opzichte van het gemiddelde van een tijdreeks. Deze maat bevat echter 

geen informatie over de wijze waarop de fluctuaties georganiseerd zijn in de tijd. Om hierin 

inzicht te krijgen zijn meer geavanceerde maten nodig die betrekking hebben op de structuur 

van de fluctuaties. Met name seriële correlaties zijn in dit opzicht van belang omdat gebleken 

is dat ritmisch gedrag van gezonde biologische systemen vaak zogenoemde ‘long-range’ cor-

relaties vertoont, alsmede zelfgelijkvormige karakteristieken die beschreven kunnen worden 

aan de hand van een enkelvoudige maat, de fractale exponent. Deze fractale exponent 

(0 < 𝛼 < 1) kan op verschillende manieren worden bepaald, zoals beschreven in Annex I. 

Een fractale exponent van 0,5 geeft aan dat de fluctuaties in een signaal niet zijn gecorreleerd, 

zoals bij witte ruis. Als de fractale exponent groter is dan 0,5 zijn de fluctuaties persistent, 

hetgeen inhoudt dat de kans dat een meetwaarde in dezelfde richting verandert als de vorige 

meetwaarde groter is dan dat deze in tegenovergestelde richting verandert. Van het tegen-

overgestelde gedrag, antipersistent gedrag, is sprake als de fractale exponent kleiner is dan 0,5. 

Gezond gedrag, zoals lopen, is in de regel persistent. 

Zowel veroudering als neurodegeneratieve ziekten gaan dikwijls gepaard met een toe-

name van de variantie in tijdreeksen van gedragsvariabelen en een afname van de fractale 

exponent in de richting van ofwel te regelmatig (richting 0), ofwel te onregelmatig (dat wil 

zeggen onvoorspelbaar) gedrag (richting 0,5). Experimenteel onderzoek heeft aangetoond dat 

de variabiliteit van de loopbeweging bij personen met een neurodegeneratieve aandoening 

kan worden gereduceerd wanneer deze wordt voorgeschreven (gepaced) met een isochrone 

metronoom. De dynamische eigenschappen van relevante gedragsvariabelen in tijdreeksen 

veranderen hierdoor echter ook: persistente fluctuaties worden antipersistente fluctuaties. An-

tipersistentie wordt gezien als een archetypische vorm van ‘homeostatische controle’ waarbij 

elke afwijking van het gemiddelde onmiddellijk wordt gecorrigeerd. Een belangrijk praktisch 

doel van het in dit proefschrift beschreven onderzoek was om nieuwe pacingstrategieën te 

ontwikkelen die (geselecteerde) individuen  in staat stellen om het persistente karakter van de 
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fluctuaties van gedragsvariabelen in tijdreeksen te handhaven. Aangenomen mag namelijk 

worden dat dit de functionaliteit en de flexibiliteit van het gedrag verhoogt. 

Recent onderzoek heeft aangetoond dat wanneer twee persistente complexe systemen 

met elkaar interageren, zij ernaar tenderen dezelfde fractale exponent aan te nemen. Deze 

zogenoemde complexiteitsmatching kan optreden zonder enige vorm van gedragsmatching, 

dat wil zeggen zonder lokale gebeurtenissen, zoals het maken van hielcontact met de onder-

grond of de tonen van een metronoom, te synchroniseren. Intentionele pacingstrategieën im-

pliceren dat er sprake is van gedragsmatching. Nooit eerder werd echter onderzocht of de 

fluctuaties in de ritmische stimuli tevens leiden tot complexiteitsmatching en evenmin of 

complexiteitsmatching van fractale exponenten door gedragsmatching kan worden verklaard. 

Het hier gerapporteerde onderzoek is uitgevoerd om in deze lacune te voorzien. 

Het doel van de studie in Hoofdstuk 2 was om te bepalen of complexiteitsmatching 

optreedt in een situatie waarin twee proefpersonen tot taak hebben een in de hand gehouden 

slinger in fase met elkaar te zwaaien, en of deze vorm van matching louter en alleen verklaard 

kan worden door korte-termijn correcties. Hiertoe werd de mate van perceptuele feedback 

gemanipuleerd: er was sprake van drie condities, te weten perifere visuele feedback, focale 

visuele feedback en focale visuele feedback met tactiele feedback. De tijdreeksen van beide 

slingerbewegingen bleken een hoge mate van complexiteitsmatching te vertonen, die echter 

onafhankelijk was van de feedbackcondities en daarmee van de koppelingssterkte. Kruiscor-

relaties tussen beide tijdreeksen met een verschuivend venster (zie ook Annex 2) toonden aan 

dat de korte-termijn adaptaties in de signalen te zwak waren om de vastgestelde com-

plexiteitsmatching te verklaren. Deze resultaten suggereren dat de dynamica van de bestu-

deerde interpersoonlijke coördinatie berust op een globale adaptatie van de complexiteit van 

het ene systeem aan de complexiteit van het andere systeem en vice versa, een verschijnsel 

dat ook wel ‘sterke anticipatie’ genoemd. Vanwege de bi-directionele aard van de koppeling 

tussen de proefpersonen, was het echter niet mogelijk deze wederzijdse aanpassingen nader te 

ontrafelen. 

De aard van de dynamische aanpassingen aan een complexe ritmische omgeving werd 

nader bestudeerd in Hoofdstuk 3 aan de hand van een door een metronoom voorgeschreven 

loopbeweging. Het doel van dit experiment was om na te gaan hoe de loopbeweging wordt 

aangepast als functie van de structuur in de variabiliteit in de door de metronoom geprodu-

ceerde toonintervallen. De specifieke onderzoeksvraag was of complexiteitsmatching optreedt 
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bij elke niet-isochrone metronoom of alleen als de ritmische stimulatie ‘long-range’ fluctua-

ties bevat. Er werden twee complementaire experimenten uitgevoerd om te onderzoeken hoe 

de complexiteitsmatching tussen de schrede-intervallen en de toonintervallen werd beïnvloed 

door de variantie en de structuur van de toonintervallen. In het eerste experiment werd de 

loopbeweging voorgeschreven met behulp van een metronoom waarvan de coëfficiënt van 

variatie (CV) van de toonintervallen varieerde van CV = 0% (isochrone pacing) tot CV = 2% 

(pacing met ‘long-range’ correlaties). Het bleek dat de schrede-intervallen antipersistente 

fluctuaties vertoonden bij de isochrone pacing, maar persistente fluctuaties bij de pacing met 

de ‘long-range’ correlaties. De fluctuaties in de schrede-intervallen tijdens het lopen met een 

metronoom met ‘long-range’ correlaties (CV = 1%, 1,5% en 2%) kwamen overeen met die 

tijdens het lopen zonder metronoom (zelf-paced). In Experiment 2 werd de loopbeweging 

voorgeschreven met een niet-isochrone metronoom waarvan de toonintervallen fluctueerden 

met CV = 1%, waarbij de structuur van deze fluctuaties zodanig werd gemanipuleerd dat anti-

persistente, random en persistente stimulatiereeksen ontstonden. De resultaten toonden aan 

dat complexiteitsmatching alleen optrad indien er ‘long-term’ fluctuaties in de metronoom 

aanwezig waren. De kruiscorrelaties met verschuivend venster tussen de schrede-intervallen 

en de toonintervallen waren nimmer significant in het bereik van lag –10 tot lag 10. Dit resul-

taat geeft aan dat de complexiteitsmatching afhankelijk was van de structuur in de variabiliteit 

van de toonintervallen en alleen optrad wanneer deze ‘long-range’ correlaties bevatten. 

De studie die in Hoofdstuk 4 wordt beschreven, richt zich op een nieuwe vorm van 

ritmische stimulatie, te weten ‘human pacing’, waarin de ene proefpersoon (de volger) achter 

de andere proefpersoon (de leider) aanloopt. Gebaseerd op het feit dat ritmische gedragingen 

van gezonde mensen van nature ‘long-range’ correlaties vertonen, werd de hypothese getoetst 

dat een volger de structuur van de fluctuaties in de schrede-intervallen van de leider over-

neemt. Dit gebeurde in een looponderzoek op een grote tredmolen. De structuur van de fluc-

tuaties in de schrede-intervallen van de leider werd extern gemanipuleerd met behulp van een 

isochrone of fractale metronoom; daarnaast was er een conditie zonder metronoom (zelf-

paced). De correlatie tussen de fractale exponenten van de schrede-intervallen van de leider 

en die van de volger bleek onafhankelijk te zijn van de verschillende condities. Echter, in te-

genstelling tot de in Hoofdstuk 3 beschreven resultaten met de antipersistente metronoom, 

bleek antipersistente pacing door een menselijke partner te leiden tot een correlatie tussen de 

‘long-term’ regio’s van de fractale exponenten van beide reeksen schrede-intervallen. Deze 

discrepantie in resultaten wordt mogelijk verklaard door het continue visuele contact met de 
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leider door de volger in het beschreven loopexperiment, in tegenstelling tot de discrete, audi-

tieve koppeling tussen proefpersoon en metronoom in het in Hoofdstuk 3 beschreven experi-

ment.  

In Hoofdstuk 5 wordt een simulatiestudie beschreven die tot doel had meer inzicht te 

krijgen in de sturingsprocessen die een rol spelen bij de niet-isochrone pacing van de mense-

lijke loopbeweging. Er werden twee simulatiemodellen beproefd: een model met een continue 

dynamische koppeling tussen het ritme van de metronoom en dat van de loopbeweging en een 

model met een discrete koppeling bestaande uit een mechanisme voor het corrigeren van 

asynchronieën tussen de metronoom en de loopbeweging. Zowel de spectrale kenmerken en 

de autorcorrelatiefuncties van de schrede-intervallen als de kenmerken van de tijdreeks van 

asynchronieën lieten zien dat isochrone en niet-isochrone pacing verschillende effecten heb-

ben op de loopbeweging. Meer specifiek gesteld wezen de simulatieresultaten erop dat iso-

chrone pacing tot een vorm van synchronisatie leidt, die als resultaat van continue koppeling 

opgevat kan worden, terwijl niet-isochrone pacing tot een systematische stap-voor-stap-

correctie leidt. Hoewel het gedrag in de verschillende niet-isochrone condities blijk gaf van 

hetzelfde sturingsregime, bleken de kruiscorrelaties tussen de toonintervallen en de schrede-

intervallen hoger in de conditie waarin de toonintervallen ‘long-range’ fluctuaties bevatten 

dan in de overige condities. 

Hoofdstuk 6, de epiloog, behelst een samenvatting van de belangrijkste bevindingen 

van het proefschrift en hun implicaties voor toekomstige onderzoek en praktische toepassin-

gen. Kort samengevat tonen de studies aan dat synchronisatie met fractale ritmes leidt tot een 

complexiteitsmatching tussen tijdreeksen van gedragsvariabelen en tijdreeksen van omge-

vingsvariabelen (geproduceerd door een metronoom of een partner). Deze matching komt 

alleen tot stand als ‘long-range’ correlaties aanwezig zijn in de ritmische stimulatie. De simu-

laties in Hoofdstuk 5 toonden aan dat de complexiteitsmatching tussen de fractale exponenten 

van tijdreeksen van toonintervallen en schrede-intervallen verklaard kan worden aan de hand 

van een simpel foutcorrectieproces. Aanvankelijk werd ‘sterke anticipatie’ gezien als een ge-

schikte verklaring voor de betreffende experimentele resultaten, maar de simulatieresultaten 

bleken in strijd te zijn met deze aanname.  

Het onderzoek in dit proefschrift richtte zich op een specifieke vorm van synchronisa-

tie, te weten intentionele synchronisatie. Intentionele synchronisatie impliceert gedragsmat-

ching, dat wil zeggen een zo goed mogelijke synchronisatie met lokale gebeurtenissen. In dit 
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proefschrift is aangetoond dat gedragsmatching geen noodzakelijke voorwaarde is voor com-

plexiteitsmatching. Toekomstig onderzoek zal moeten uitwijzen of complexiteitsmatching 

ook optreedt bij niet-intentionele synchronisatie in individuen en groepen. 
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